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Abstract— Dialogues or reviews written by customers on 

numerous social media sites provide focus into their 

perceptions, sentiments, opinions and concerns. Since there is 

an enormous increase in social media data, analyzing it is 

challenging. It is considerable for businesses or organizations 

to grasp worthy information or knowledge from the customers. 

They can do so by gathering, inspecting and surveying the 

data generated by users on social media platform. The 

following are some of the important components of online 

social media data mining: 1] Topic Modelling 2] Classification 

3] Sentiment Analysis.  In this research work firstly, we take 

into consideration various methods for accessing data (API, 

RSS, HTML parsing, manual copying). Next we consider 

various techniques proposed for topic modelling (LDA, NMF, 

and K-means) and compare their relative merits and 

functionalities. Similarly, we also consider techniques 

available for classification and compare them with reference 

to their relative functionalities. This will be required for the 

purpose of mining online social media data (customer reviews), 

so that we can analyze and get deeper insights regarding the 

same. 

 

Keywords— Topic Modelling, Latent Dirichlet Allocation, 

Partitioning Algorithms, Non Negative Matrix Factorization, K 

Nearest Neighbor, Naïve Bayes, Decision Tree, Support Vector 

Machine. 

I. INTRODUCTION 

There is an enormous quantity of change in the social 

media data over time. New posts are uploaded and updated, 
new matters are taken up and discussed, viewpoints change, 

and new groups are developed. Awareness about which 

topics are trendy can yield insights of areas such as product 
sales, views on politics, and other social attention. 

However, it‘s very challenging to detect new topics amidst 

the massive number of posts. Furthermore, sites are revised 
on regular basis with fresh information. Also topics which 

were trending a few days earlier, can be renewed by a 
recent topic. 

Employing different data mining methods can assist in 
detecting trends in topics and their respective variations. 

With the increasing amount of data in recent years, it‘s 

difficult to obtain the necessary and desired information. 

But, technology has developed some powerful methods 

which could be used to explore through the data and yield 
the information that we are looking for. [1] 

Topic Modelling is a technique in the area of data 
mining, a process of automatically identifying topics 

appearing in a piece of text and deriving hidden patterns 

showcased by a text dataset. This helps in better decision 
making. This approach is an un-supervised approach used 

for discovering and analyzing the pile of words (called 
―topics‖) in huge clusters of texts. Topics are characterized 

as ―a recurring arrangement of co-existing words in a 

dataset‖. A good topic model must produce outcome - 
―health‖, ―doctor‖, ―patient‖, ―health-center‖ for a topic - 

Healthcare, and ―farm‖, ―paddy‖, ―wheat‖ for a topic - 

―Farming‖. 

Topic Models are highly helpful for the task for 

document clustering, arranging large chunks of textual data, 
fetching information from unstructured data and feature 

selection. Different professionals use topic models, by 
extracting keywords and mapping them to correct 

candidates. They are used with the aim of organizing large 

corpus of emails, customer feedbacks, and individual's 
social media profiles. 

The sorting and categorizing of data into distinct types, 
forms or classes, is data classification. Data classification 

permits separation and classification of data depending on 

the requirements of the data set for different business or 
personal targets. It is primarily a data management process. 

Data classification is a diverse process that engages 
numerous strategies, tactics, approaches and criteria for 

sorting data. Normally, this is done through a database that 

renders the ability to scan, identify and separate data. 

Multiclass classification means a classification task 

which incorporates two or more classes; for example, we 
may classify a group of images of vegetables which may be 

potatoes, carrots, or reddish. Multiclass classifier will map 

each sample to exclusively one label: a vegetable can be 
either a potato or a reddish but not both at the same time. 

Multilabel classification assigns a group of target labels to 
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each sample. This can be considered as a property of data 

that aren't mutually exclusive, like topics that are significant 
for a document. 

The method of identifying opinions or sentiments 
communicated in a sample of text, and then categorizing 

them in order to figure out if the writer's opinion towards a 

particular topic, product, etc., is positive or negative is 
called sentiment analysis. 

II. COLLECTING AND ACCESSING THE DATA 

 There are different methods which can be used for 

gathering and accessing online social media data. The data 

which is required can be gathered from distinct social media 

platforms. Different social media sites like Facebook, 

Twitter, other blogs and forums provide a tremendous 

volume of data generated by users on the Web.  Online 

social media data should be monitored and data generated 

online by users should be collected. Some social media sites 

like Facebook and Twitter offer APIs (application 

programming interfaces) for tracking the data. Companies 

can appoint individuals to develop applications to track data 

by adopting these APIs.  Application Programming 

Interface is a pile of communication protocols and 

subroutines used by various programs to communicate 

between them. Various API tools can be used by a 

programmer to make its program easier and simpler. An 

API also supplies the programmers with an effective way to 

develop their software programs. Thus in simpler terms, an 

API helps two programs or applications to interface with 

each other by providing them with necessary tools and 

functions. It takes the request from the user and sends it to 

the service distributer and again sends the result generated 

from the service provider to the desired user. In contrast, 

online forums and blogs generally do not serve APIs for 

tracking of data. However, most blogs and online forums 

offer RSS feeds which can be easily tracked. RSS denotes 

Rich Site Summary or Really Simple Syndication. 

Syndication is a process that makes content on one website 

available to another website. It enables websites to share 

newly added content, major headlines and even summaries. 

The sharing of content usually takes place between a 

particular website and the website of an aggregator. This 

communication takes place in form of basic XML which is 

readable by both humans and machine. To set up RSS for a 

website an XML file has to be created known as RSS 

document or RSS Feed. Web-crawling techniques like 

HTML parsing or manual copying can be used to 

accumulate data, for those which do not have RSS 

functions. The disadvantage here is that they may be more 

time engrossing. [1] 

III. TOPIC MODELLING 

A. Latent Dirichlet Allocation (LDA) 

LDA is a process of automatically detecting topics from 
data. LDA exhibits documents as mix of topics that yields 

out words with definite and reliable probabilities. LDA 

treats a document as a blend of different topics and maps a 

document into the topic space using Dirichlet Distribution 
wherein each topic is a set of words of probability 

distribution [2]. 

Latent Dirichlet Allocation, a generative probabilistic 
framework is used extensively for topic modeling. LDA is a 

hierarchical Bayesian model consisting of three levels, 
wherein every element of a corpus is modeled over an 

underlying bunch of topics, as a finite blend. Each topic 
then, is modeled as infinite mix over an underlying bunch of 

topic probabilities. Here topic probabilities provide an 

explicit illustration of a document [4].  LDA exhibits 
documents as a blend of topics which accommodates terms 

with definite probabilities of occurrence. Given an 

accumulation of documents, some defined count of topics to 
discover, LDA learns the topic depiction of every single 

document and hence the words related to each topic via an 
iterative conduct. Then LDA attempts to backpedal from the 

documents to seek out an accumulation of topics that are 

probable to have produced the collection [3]. 

B. Non Negative Matrix Factorization (NMF) 

Non-Negative Matrix Factorization (NMF), is a linear 
algebraic optimization algorithm. It has characteristics that 

can extract substantial information about topics without any 
preceding insight of the underlying data. The mathematical 

target characterized by this algorithm is to split a single 'n × 

m' input matrix into two distinct matrices in such a manner 
that, their product is a close estimate to the input matrix. For 

topic modeling, the input matrix to be considered is 

document-term matrix. This matrix is factorized into 
document-topic matrix, of dimensions 'n × t', and topic-term 

matrix, of dimensions ‗t x m‘, where 't' is count of topics 

that should be produced. The NMF clustering algorithm has 
been engaged favorably, chiefly because it can be adapted 

to particular application like natural language processing. 
[5][3]. 

 

C. Partitioning Algorithms 

Given a corpus of n objects, k divisions or partitions of 

the data are constructed. Each object must essentially 
belong to explicitly one group. Each group shall contain at 

least a single object. Iterative relocation technique can be 

improved by partition technique by mining objects from one 
group to another. The fundamental idea of partition 

clustering algorithm is dividing the data points into K 
partitions. Each partition reflects one cluster. The technique 

of partitioning depends upon certain objective functions like 

‗minimizing the square error criterion‗. The drawback of 
such algorithm is that whenever the distance amidst the two 

points from the centre are nearer to another cluster, the 

result becomes poor or unreliable due overlapping of the 
data points.[6] 

 

1) K-Mean Algorithm: James Macqueen developed K-
mean in 1967. An individual cluster is symbolized by its 
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centroid. Mean value of points in a cluster is the centroid. 

The sum of dissimilarities between a point and its centroid 
conveyed via appropriate distance is the objective 

function used for k-means [7].  

 

   Procedure of K-Mean [8]:- 

a) The approach requires arbitrarily choosing k objects 
from D as initiatory centers, where k is the count of 

clusters and D is the corpus containing n objects. b) 
Repeat step one. c) Each object is reallocated to that 

cluster to which it is most similar. This is based on mean 

of objects in the cluster. d) Calculate mean of objects for 
every cluster. e) Repeat the above until there isn't any 

change. 

 

  Advantages of K-Mean:  

1. When the variables are large, K-Means is mostly 

computationally more rapid in comparison to other 
(hierarchical) clustering methods. 

2. K-Means yields tighter clusters in comparison to     
Hierarchical Clustering Method.  

 

           Drawbacks of K-Means Partition Algorithm:  

    1. It is tough to forecast the K value. 

    2. More difficulty in measuring quality of cluster.  

 

 

TABLE 1: COMPARISON BETWEEN TOPIC MODELLING ALGORITHMS 

Algorithm Characteristics Limitations 

Latent Dirichlet 

Allocation [2] 

[3] [3] 

LDA outperforms 

NMF if there is no 

time constraint; 

results are more 

semantically 

interpretable 

LDA is a slow 

algorithm  

Non Negative 

Matrix 

Factorization 

[5] [3] 

Faster results for 

huge amount of real 

time data 

Results are 

sometimes 

semantically 

incorrect 

Partitioning 

Algorithm (K- 

Means) [6] [7] 

[8] 

Rapid as compared 

to other methods; 

yields tighter 

clusters 

Difficult to predict 

K value 

 

IV. CLASSIFICATION ALGORITHMS 

A.  Naïve Bayes 

Naïve Bayes classifier is a simple probabilistic 
classifier. It is based on applying Bayes‘ Theorem with 

strong independence hypothesis. The algorithm calculates 
posterior probability of the document belonging to distinct 

classes and it allots document to the class possessing the 
highest posterior probability. This probability model will be 

independent feature model so that the existence of one 

feature doesn't affect others in classification tasks [9] [10]. 

Naïve Bayes classifier is defined as a simple 

probabilistic classifier, which operates on the hypothesis of 

conditional independence among the characteristics of a text 
document. The Naïve Bayes classifier discovers the class 

with maximum posterior probability in a text document. It 
is dependent on the Bayes principle which says [12]. 

 

                                    (1) 

 

p(c/d) , is the probability of document d belonging to 
class c called, posterior probability, p(d/c) is the likelihood 

and p(c) is the prior. Naïve Bayes classifies the document to 
the class which maximizes the posterior probability [12].      

 

 

             (2)  

 

           Here p(d) can be neglected as it is a constant. 

 

 

(3) 

 

Equation (3) is derivative of the Naïve or conditional 

independence assumption. Here document d is designated to 
the class having highest map C. Naïve Bayes classifier 

works well even with conditional independence assumption. 
In [13] Naïve Bayes is used to perform spam email 

detection and discloses the importance of increased training 

samples for precise classification. The writer recommends a 
dynamic tuning of word probabilities during classification 

so as to get an improved model for prediction. In [14] 

authors stress on the terms present in the title of the text 
document by designating higher weight while calculating 

the posterior probability. The technique gives more accurate 
predictions in comparison to the standard Naïve Bayes 

algorithm. In [15] authors have applied Naïve Bayes 

classification on documents using CHIR algorithm as a 
feature selection technique, which discloses the kind of 

relationship between terms and classes. The performance 

report displayed an enhanced outcome with the proposed 
method over Naïve Bayes classification employing Chi-

square statistic as feature selection strategy. Naïve Bayes 
can conveniently entertain any domain specific knowledge 

and also works well with hierarchical classification scenario 

[11]. 

B. K Nearest Neighbor 

 K Nearest Neighbor is a classification algorithm. Here 
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objects are categorized by picking various labeled training 

examples with their least distance from each object. This 
classification method is extremely good, simple and is a 

broadly used technique for text classification. This 

technique performs well also in managing the classification 
work among multi-categorized documents. Given a 

generous amount of training examples, KNN involves extra 
time for classifying objects. KNN should choose them by 

computing the distance of each test objects with all of the 

training examples.   

K Nearest Neighbor is an instance-based, non-

parametric text classifier and as a norm for classifying the 
documents, it makes use of similarity measurement (dot 

product, cosine similarity). The training documents are 

depicted using vector space model and nearest k neighbors 
of incoming test document are found on comparing the 

cosine similarity of it with every training document. 
Amongst the K nearest neighbors, the test document is 

classified into the majority class. Equation (4) is used for 

calculation of cosine similarity between test document q 
and training document dj. [16] 

                          (4) 

 

Here dij and qi depicts the tf-idf weight of the term i in 

training document dj and test document q respectively.  The 

training data is simply stoked by KNN method. Learning 

takes place solely on arrival of test data resulting in more 

time for computation of prediction. Many improvements are 

tried on the conventional KNN approach. In [17] author 

engages KNN algorithm for the purpose of text 

classification along with µ-Co-occurrence (an approach 

based on feature interaction) as a method for selecting 

features. This approach produced superior results by 

choosing smaller number of significant features, thus 

making it convenient for classification involving giant data 

sets. Reference [18] speaks about a density based KNN 

approach to deal with the datasets that are not uniformly 

assigned. The distance amidst the data to be tested and k 

nearest neighbors are adjusted depending on density 

difference among them so as to cope with the non-uniform 

distribution of training data. Empirical results have 

exhibited that DBKNN is an enhanced and steady KNN 

algorithm.  

 

C. Support Vector Machine 

      Support Vector Machine a supervised classification 
algorithm is broadly and successfully in use for the purpose 

of text classification. High dimensional input space: An 

individual has to deal with sizable number of features when 
learning text classifiers. Since over fitting protection is used 

by SVM, which does not essentially depend on the count of 

features, they hold the potential to manage these sizeable 
feature spaces. Majority of the text categorization issues are 

linearly separable that is, all categories are linearly 

separable. The objective of Support Vector Machines is to 
detect such linear separators.   

SVMs are linear classifiers appropriate for the purpose 
of classifying data having high dimensions. SVM executes 

strongly in the scenario of text classification as it engages a 

high dimensional feature space. SVM attempts to detect the 
maximum parting hyper plane among different classes. 

 
Fig. 1. Figure representing SVM 

 

In Fig.1 [19] out of the three lines the bold line best splits 
the two classes and is the maximal marginal hyper plane. 

The linear equation characterizing this hyper plane is of the 
form Y = CX + b. Here X is the feature vector 

representation, C is the coefficient vector and b is a 

constant. This predictor hyper plane classifies the 
documents to distinct classes. Points along the dotted lines 

are support vectors and these are the deciding components 

in categorization. SVM can also model nonlinear decision 
boundaries in base feature space by employing kernel trick. 

In paper [20] authors concludes that majority of the text 

classification problems are linearly separable, hence making 
SVM an outstanding choice for classification of text. 

Reference [21] discusses about an excellent SVM 
classification which considers the frequencies of terms in 

individual documents, a feature selection measure using 

likelihood ratio for binomial distribution and specific 
parameter tuning. The method results in enhanced 

performance over KNN, Naïve Bayes and decision tree 

classification. 

 

D. Decision Tree 

       A Decision Tree text classifier is a tree in which 

internal nodes are marked by terms, branches protruding 

from them are marked by the weight that the term has in the 

text document and leafs are marked by categories. It is 

constructed using ‗divide and conquer‘ strategy. Each node 

of a tree is bonded with set of cases. This process examines 

if all the training examples have same label and in case not, 

then choose a term partitioning from the pooled classes of 

documents that have same values for term and position each 
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such class in a separate subtree. 

The decision tree classification is inductive learning 
method. It executes a hierarchical partitioning of training 

document space. A decision tree classifier consists of 
interior and leaf nodes. The internal nodes incorporate 

norms which raises questions on the incoming document 

and position the document along the pathway in the sub tree 
corresponding to test predicate outcome. The document 

traversing the tree in a top down manner will eventually end 

up in a leaf node which depicts a class. The document is 
then classified to the class represented by the leaf node. The 

decision predicates in the internal nodes can be the presence 
or absence of the terms in text documents. Pruning of nodes 

are done generally to avoid data overfitting. It is done by 

detaching a fragment of data from the training documents 
during the tree construction and later using it to validate the 

constructed tree. ID3 [22] is a popular decision tree 

algorithm which makes use of information gain as a feature 
selection benchmark. Authors of [23] have made a 

comparison of the efficiency of SVM, Naïve Bayes and 
Decision Tree and found SVM to be precise amongst three. 

It makes use of C4.5 algorithm for decision tree which is a 

follower of ID3. Boosting techniques are also employed 
with decision trees for performance gain. 

 
TABLE 2: COMPARISON AMONG CLASSIFICATION ALGORITHMS 

Classifier Characteristics Limitations 

Naïve 

Bayes [9] 

[10] [12] 

Straightforward and 

effective, 

computational time 

is linear, domain 

specific knowledge 

can be included 

efficiently. 

Insensitive to noisy 

features. 

Independence 

assumption of 

features. 

K Nearest 

Neighbor 

[16] 

Proximity-based 

classifier, data to be 

trained is stocked, 

classes may not 

always be linearly 

separable. 

High space and time 

complexity since it 

stocks all the 

instances, noisy 

attributes downgrades 

the correctness of 

classification. 

Support 

Vector 

Machine 

Linear classifiers, 

handles high 

dimensional data 

well, nonlinear 

decision boundaries 

can be handled, 

works with 

considerable 

volume of unlabeled 

and low volume of 

labelled data. 

High space and time 

complexity while 

training and testing of 

the data. 

Decision 

Tree 

Hierarchically splits 

the training space, 

non-parametric 

Noise management is 

poor, no online 

learning, overfit. 
 

 

 

V. SENTIMENT ANALYSIS 

     Sentiment analysis is the method of computationally 

determining and categorizing sentiments communicated as 

text, to figure out whether the writer's perspective towards a 

specific topic or product is positive, neutral or negative. In 

[24] different techniques for sentiment analysis were 

studied. They were (1) machine learning approach (2) 

lexicon based approach (3) hybrid approach. The use of 

machine learning method is made for anticipating the 

polarity of the sentiments depending on trained and also test 

data sets. The lexicon based technique does not require any 

preceding training so as to mine the data. It makes use of a 

predefined directory of words, wherein each word is 

connected to a specific sentiment. Lastly, the hybrid 

approach, is a mixture of machine learning and lexicon 

based approaches. It has the capability to enhance the 

sentiment classification performance. Various tools for 

sentiment analysis were also studied in [24]. The highly 

used tools for polarity detection (negative or positive) are: 

Emoticons, LIWC, Happiness Index, SenticNet, 

SentiStrength, Senti WordNet, AFINN, PANAS-t, 

Sentiment140, NRC, FRN and EWGA.   

 
TABLE 3: COMPARISON AMONG SENTIMENT ANALYSIS ALGORITHMS 

Algorithm Characteristics Limitations 

Machine Learning 

Approach 

Predicts the 

polarity of 

sentiments 

depending upon 

trained datasets 

and also test data 

sets. 

Needs a predefined 

directory of words, 

wherein each such 

word is connected 

to a specific 

sentiment. 

Lexicon Based 

Approach 

Does not require 

any preceding 

training for the 

purpose of mining 

data 

Limited number of 

words in the 

lexicons and the 

assignment of 

explicit sentiment 

orientation and 

score to words 

Hybrid Approach Improves the 

sentiment analysis 

performance, since 

it is a combination 

of machine 

learning and 

lexicon based 

approach 

 

Noisy reviews 

 

VI. CONCLUSIONS 
 

This survey presents a study of different data mining 

algorithms to analyze online social media content. Different 

methods for accessing and collection of online social media 

data are considered in this study. A thorough study of topic 
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modelling approaches namely, LDA, NMF and Partitioning 

Algorithms is made. Next a study of text categorization 

algorithms (Naïve Bayes, K Nearest Neighbor, Support 

Vector Machine, and Decision Tree) is done. Post this a 

study of different sentiment analysis methods is also made. 

A thorough analysis on all algorithms is done. All the 

algorithms stated in the study has its own pros and cons and 

right choice of algorithm will result in good performance. 
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