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Abstract 
 

The Opinion Mining (OM) from mobile based social media content (SMC) is more challenging compared to topic-based mining, and it 

cannot be performed based on just examining the presence of single words in the text containing opinion expressions. Moreover, the 

existing systems of opinion   classification find that a large number of features that are not feasible for the mobile environment. The ex-

isting methods of OM in this mobile environment do not consider the semantic orientation of the SMC in the review. The proposed ma-

chine learning approach extends the feature-based classification approach to identify the orientation of the phrase on taking context into 

account to improve the accuracy.   
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1. Introduction 

Now-a-days, people are becoming more dependent on mobile 

gadgets in daily life, and there are numerous applications. In a 

mobile platform, it is not possible to show the complete review 

because of its screen size limitation. Therefore, there is a require-

ment for mining these reviews into two major categories such as 

positive and negative for ensuring the users an overview to make 

quick decisions on that particular review or subject. OM is a Natu-

ral Language Processing (NLP) that estimates the attitude, feelings, 

and opinions with respect to a particular topic, products, and ser-

vices.  

In mobile apps while classifying product review, movie review the 

whole review can be considered as document and at level, each 

document express some view, opinions. Documents don‘t repre-

sent a [16] single point of view, a single opinion. In this level it 

has multiple opinions representing several closely related opinions, 

as a result of document classification opinions will be classified 

into positive or negative class. In movie or blog review or product 

review every sentence consists of opinions this can be considered 

as Sentence stage classification, in which it classifies opinions as 

positive, negative or neutral class. Last stage in this sentiment 

classification is Entity stage where in which opinions features are 

identified from the source data. The importance of scientific and 

business communities increases in garnering public opinion in 

particular domains like political movements, social events, prod-

uct preferences, company strategies, and marketing campaigns. 

There are several works have been surveyed on sentiment classifi-

cation and OM [1][2].  

In recent days, the area of OM has gained more interest [3] [4] [5]. 

Opinion mining is an automated collection of subjective content 

from the text and detects the orientation of the text as positive, 

negative, and neutral. The primary objective of opinion mining is 

polarity detection. There is a need to classify the polarity into two 

opposing sentiments if a segment of the text expressing an opinion 

on a single issue. Opinions such as ―like‖ or ―dislike‖ are instanc-

es of polarity classification. Polarity classification detects positive 

and negative expressions in online reviews and assists to evaluate 

the credibility of the product. Opinion summarization is necessary 

due to the limited size of the digital display of the mobile phones 

[6]. The opinion mining in a mobile environment involves two 

major steps. The first step classifies whether a sentence in a con-

versation comprises an opinion expressed or not, while the second 

step classifies the sentences expressing opinions as positive class, 

negative class or neutral classes. The research in OM in the mobile 

platform as it is in the infant stage.  

1.1 Significance of Opinion Mining for Mobile Envi-

ronment  

Now-a-days, several large and small companies use OM in their 

business strategy. With the grand success and proliferation of 

mobile devices, the user‘s participation in social webs such as 

Twitter, FaceBook, and Whatsapp has increased tremendously. 

These data are used in several applications like advertising.OM is 

capable of providing useful information for businesses to improve 

product marketing, identify future enhancement of products, and 

manage the customer‘s feedback using various forms of expres-

sions like reviews, ratings, and recommendations.  

As the mobile users of social web generate a vast amount of un-

structured data, it is important to mine the opinion.OM systems 

play a significant role in recommendation, detection of aggressive 

language in e-mail messages, improvement of the information 

extraction process [7] and summarization [8].Apart from this in-

troduction part in section-1, rest of the paper is organized as: In 

section-2 related work is explained with different research papers 

on classification algorithms, sentiment classification across differ-

ent domains. In section-3, a new problem statement is prepared to 

address the gap analysis. In section-4 we have explained the opin-

ion mining frame work for social web .In section-5 we have pre-
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sented the result analysis with different machine learning classifi-

ers for the proposed methodology. In section-6 conclusions of the 

work is discussed. 

2. Related work 

Movie rating and review-summarization system for a mobile plat-

form is developed in [6]. SA determines the semantic orientation 

of the subjective terms. The movie rating data depends on the 

result of sentiment classification. The feature based summarization 

generates condensed the depiction of movie reviews. Latent Se-

mantic Analysis (LSA) identifies product features. The system 

takes accuracy of sentiment-classification and response time into 

consideration.    

The traditional machine learning algorithms such as Support Vec-

tor Machines (SVMs)   and other classifiers [9] are used to per-

form SA on movie-review dataset, and outperform manually com-

puted baseline algorithms [5].In accordance with the experimental 

results, SVMs performs better than the other classifiers and uni-

gram with presence information proved to be the most useful fea-

ture.  

Bootstrapping from a pair of two minimal groups of ―seed‖ terms 

by calculating the number of hit results from the search engine 

with a NEAR operator determines the orientation of terms [3]. The 

result of the NEAR operator is successful only if two terms are 

within a specified word count of one another. The relationship 

between the given term and a group of seeds determines whether 

to classify under positive or negative subjectivity class.   

The sentiment classification of user reviews across different do-

mains is achieved using a sentiment sensitive thesaurus that lines 

up various phrases are expressing similar sentiment-details across 

several application-domains [10].It uses labeled data from differ-

ent source domains and unlabeled data from both source and target 

domains for representing the ―features‖ distribution. The primary 

step of the SA is to determine the semantic orientation of the terms 

in a sentence. A quantitative analysis of the glosses of subjective 

terms can be used to determine its orientation [4] in which glosses 

represent the definitions provided in the online dictionary. The 

terms with the same orientation are expected to have ―similar‖ 

glosses. Therefore, use of synonyms and antonyms is capable of 

defining the orientation. 

SENTIWORDNET [11] is a linguistic resource that assigns three 

scores such as Obj, Pos, and Neg for each WordNet  synset. Obj, 

Pos, and Neg describe the objective, positive and negative nature 

of the terms in the synset. A method in [12] uses Twitter data to 

collect a corpus automatically for the OM. The sentiment varia-

tions on Twitter can be interpreted using LDA model with Fore-

ground and Background LDA (FB-LDA) to extract foreground 

topics and background topics [13]. CISDL with   n-fold cross val-

idation which was discussed in our previous work [18] . The n-

fold cross validation technique splits the data into n=10 folds and 

in each run it uses n-1 folds for training and nth fold for testing. 

The process is repeated ‗n‘ times and in each run the testing data 

is replaced with untested fold. The   results obtained from each 

fold are then averaged to produce a single estimation.  

3. Problem Statement 

3.1 Gap Analysis   

Due to several potential applications, the OM has gained increas-

ing interest. Statistical approaches have been widely used for 

product feature selection to extract opinions. The features selected 

by these statistical approaches are sub-optimal due to its Non-

Polynomial nature.  

The existing machine learning based OM methods depend on 

labeled data from all domains to train a classifier and this may not 

adapt with a trained classifier in the absence of label information. 

Simple text categorization approaches could not mine opinions 

expressed in natural languages as these opinions are expressed in 

regional and language specific which are complex in nature. Sen-

timent classification in document level is not suitable for non-

review based forum discussions, blogs, and news articles as these 

postings involve multiple entities.  

3.2 Defining the Problem 

OM in a mobile platform is challenging is task. The main problem 

of comments shared in the social network (social networking sites, 

blogs, micro-blogs, social book-marking and tagging) are often 

implicit and not explicitly stated by specific phrases that can be 

identified by phrases in lexical resources or by any other sources 

(seed lists).  

Moreover, certain phrases and expressions are not even included 

in dictionaries like WordNet. Most of the comments and reviews 

that are shared via social-web in the mobile environment seems to 

be new phrases without necessarily having to refer to phrases pre-

viously used. The existing systems of sentiment classification find 

that a large number of features that is not feasible for the mobile 

environment. Most of the existing OM approaches involve only in 

observing the similarity between a phrase and a seed list of words 

that is not sufficient. Therefore, more sophisticated OM methods 

are required to solve the issues. The existing works covered only 

limited entities for opinion analysis. 

 It is not so easy to develop a mechanism or framework for identi-

fying opinions with respect to a topic, as opinions are distributed 

all over the web especially in mobile view. There is some review 

presenting websites available such as Amazon.com and Yelp.com. 

These sites do not consider all entities and topics for sentiment 

classification. In this case, the task of opinion classification be-

comes formidable due to the explosion of diverse sites and the 

difficulty of classifying appropriate opinions. Though the tech-

niques with unigram models achieve high accuracy, it is compara-

tively less than the topic based binary classification. Let us con-

sider the Mobile view of customer reviews of apple mac book in 

Fig-1. In this review are posted with respect to a product along 

with rating, to ensure reliable and consistent user experience for 

consumers.  

 
Fig-1. Mobile view of social media opinions  

 

Reviews written by consumers provides  the added advantage of 

displaying the seller‘s details, the product description which ena-

bles  new buyers to take a quick decision while buying that prod-

uct[17].  

4. Opinion Mining Framework for Social 

Web 

4.1  The new approach  

Approach proposing here is an extension of the feature-based 

classification approach to identify the orientation of the phrase on 
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taking context into account to improve the accuracy. Natural lan-

guage Processing deals with the syntax and semantics of lan-

guages could not make sense of exact opinion conveyed in a nar-

rative manner .Therefore, the proposed methodology exploits 

natural language understanding systems, that translates the natural 

narrative information into formal form so that it is easier to inter-

pret by a machine.  

The OM can make use of these interpreted representa-

tions for further process. The lexicalized and statistical parsing 

followed by head parsing technique fine tunes the accuracy of 

opinion mining. It also focuses on syntax with semantics and long 

term relationship. Finally, the proposed work exploits a filtering 

mechanism to employ contextually dependent terms to reduce the 

opinion summary. Fig-2 depicts the framework of OM for mobile 

based social web. 

 

 
Fig 2:  Opinion mining Framework for mobile based social web 

4.2 Proposed Algorithm for the framework  

S1. Design a framework for opinion mining for a mobile envi-

ronment to assist mobile users in making decisions upon se-

lecting a service or product (Retrieve mobile‘s social app da-

ta to crate text database step in Fig-2).  

S2. Develop a novel scheme to identify the subject features ap-

propriately to improve the accuracy and speed of opinion 

mining in a mobile environment (opinion extraction step in 

Fig-2). During this phase it also identifies negation phrases. 

S3. Implement filtering mechanism called feature vector for-

mation  to let the users select the interested features for re-

ducing the size of the summary of the opinions( filter the ex-

tracted opinions to form subjective step in Fig-2)  

S4. Compute Opinion scores for entities and aspects from the 

subjective text (as shown   in Fig-2) and then form feature 

vector. 

S5. Perform Polarity categorization using feature vectors formed 

in step 4 both at sentence level and review level with Ran-

dom Forest, NB and SVM algorithms. 

S6. Compute performance analysis of the algorithms for   the 

process with F-measure and ROC and repeat step 2 through 

step 5 until you achieved the desired level of accuracy.  

 

5. Result Analysis  

We have used hybrid supervised machine-learning technique for 

opinion extraction and obtained subjective text. A novel approach 

is used to filter and extract a required feature which is our subjec-

tive text. Since training data are labeled under two classes namely 

positive and negative for the sentence-level categorization, ROC 

(Receiver Operating Characteristic) curve is used to project the  

results depending upon the user perspective with different combi-

nations of true positives, false positives, true negatives and false 

negatives for a better performance comparison. Performance of 

each classification model is estimated base on its averaged F-

measure.  

Where F-measure= (2xPr x R)/ (Pr+R). It is implemented for n 

number of classes where Pr is the precision of the selected 

class, R is the recall of the selected class, and n is the number of 

classes. Pri and Ri of each class of sample are evaluated using 

forest ,NB,SVM .Sentiment tokens and sentiment scores are in-

formation extracted from the original dataset, which will be used 

for sentiment categorization. In order to train the classifiers, each 

entry of training data needs to be transformed to a vector that con-

tains those features, namely a feature vector. 

An entity or a token is a word or a phrase that conveys opinion. In 

sentiment words of an ecommerce product   review [15][17]  ,a 

word entity consists of a positive (negative) word and its part-of-

speech tag. In total, we have selected 5,478 word entities with 

each of them that occur at least 14 times throughout the review 

dataset. For phrase tokens, 1,065 phrases were selected of the 

12,563, identified sentiment phrases, which each of the 2,012 

phrases also has an occurrence that is no less than 30.  

The statistical analysis of the word entities computed for the da-

taset   is given in Table-1. 
 

Table 1: Statistical information for word tokens 
Entity Mean Median 

Positive 3.21 3.15 

Negative 2.22 2.6 

5.1 Sentence-Level Categorization 

We have generated the results on manually labeled sentences of 

mobile apps data (for testing purpose) and machine labeled sen-

tences. With the help of the ROC curves plotted in Fig-3, it is 

clear to see that SVM, NB, RF classification algorithms performed 

quite well for testing data that have high posterior probability. As 

the probability getting lower, the NB classifier outperforms the 

SVM classifier, with a larger area under curve. In general, the 

Random Forest model performs the best. 

With large set of feature vectors in the big dataset of live mobile 

apps with equal number of positive and negative labels are gener-

ated from the machine-labeled sentences, known as the complete 

set. 

 
Fig 3: ROC with sample data set 

https://journalofbigdata.springeropen.com/articles/10.1186/s40537-015-0015-2#Fig5
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Four subsets are obtained from the complete set, with subset .The 

amount of vectors with positive labels equals the amount of vec-

tors with negative labels for every subset. Performance of the 

classification models is then evaluated based on five different 

vector sets (four subsets and one complete set, Fig- 4). 

 
Fig 4: F-Measure for sentence-level categorization 

 

In the curve plotted here, X-axis represents feature vectors count 

and Y-axis represents F-measure. With more training data, their 

measure is increasing. We can observe that NB classifier becomes 

the 2nd best classifier, on subset C and the full set. The Random 

Forest model again performs the best for datasets on all scopes. In 

Fig-5 we can observe that the ROC curves with TP rate as Y-axis 

and FP rate as X-axis plotted with complete data set. 

 

 
Fig 5: ROC on complete data set 

5.2 Review-level Categorization 

In Fig-6 the ROC curve shows the F-measure obtained on differ-

ent sizes of vector sets. The curve clearly shows that both the 

SVM model and the NB model performances are identical. Both 

models are generally performs better than Random Forest model 

on all vector sets. However, neither of the models can reach the 

same level of performance when they are used for sentence-level 

categorization, due to their relative low performances on neutral 

class. In Fig-6 the ROC curve is plotted in which X-axis repre-

sents the number of feature vectors and Y-axis represents F-

measure. 

The experimental result is yielding good results, both in terms of 

the sentence-level categorization and the review-level categoriza-

tion.  

 
Fig 6: F-measure of review-level categorization 

6. Conclusion 

The mobile phone based social web activities become the most 

essential part of daily life. This data involves identification of 

opinion phrases and product features. This paper attempted to 

provides an Opinion classification with SVM, NB, RF and rec-

ommended an approach for OM for mobile based social web. In 

this paper we have analyzed different classification algorithms to 

classifying opinions both sentence level and review level and con-

cluding that OM in a mobile environment is feasible only with a 

reduced number of features. F-measure and ROC are used to 

measure the performance of classification models. The proposed 

methodology achieves higher accuracy which   allows the mobile 

users to make efficient decisions. 
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