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 Sentiment Analysis (SA) and summarization has recently become the focus of many 

researchers, because analysis of online text is beneficial and demanded in many 
different applications. One of its application is product-based sentiment summarization 

of product reviews. As the number of product reviews increases day by day, it becomes 

difficult for users to search and utilize these reviews in an efficient way. Summarizing 
these reviews helps the user to have concise view about the product. The process of 

summarization does not perform well on informal language such as blogs and user 

reviews. In order to address all the above issues, a novel method is proposed to identify 
the opinion feature from online product reviews. The proposed algorithm is capable of 

identifying positive and negative sentiment polarity. Based on the polarity computation 

these reviews are clustered and a concise summary is generated. The generated 
summary helps the user to identify and take the decision about the product easily. The 

Product review dataset for the various domains obtained from amazon.com are 

considered for the experimental analysis. The performance of the proposed algorithm 
gives better results compared to the existing algorithm. In this paper, a novel method to 

identify opinion feature from online reviews across domain relevance have been 

proposed for addressing the issues in existing algorithm. The Polarity Detection on 

Opinion Ranking Cluster algorithm is capable of identifying positive and negative 

sentiment polarity, based on the polarity computation. The clustering and summary 

generation helps the user to identify and take the decision about the product easily .This 
system does the summarization process only for static review collection. As reviews 

about the product are updated often, consolidated review about the dynamic product 

review summarization will be enhanced in future pape 
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INTRODUCTION 
 

 Opinion Mining is also known as Sentiment analysis. It is to identify the opinion or sentiment that a person 

may hold towards an object. The sentiments are expressed by a thought, view or attitude, especially based on 

emotion instead of reason, which helps to make sense of the data. In opinion mining, an opinion feature is used 

to indicate, an entity or an attribute of an entity on which users express their opinions in the form of reviews 

(Zhen Hai et al., 2014). This sentiment reviews plays an important role in marketing, politics and social 

networks. Opinion Mining or Sentiment Analysis is the area to extract the opinionated text datasets and 

summarize in understandable form for end user. Opinion mining is used to extract the positive, negative or 

neutral opinion summary from unstructured data. It involves subjectivity in text and computational management 

of opinion (Nidhi R et al., 2014). It is the sub-discipline of web content mining, which involves Natural 

Language Processing and opinion extraction task to find out the polarity of any product consumers feed back 

such as  

 Figure 1 describes the object model of Opinion Mining. This model consists of five components i.e. a 

customer giving the broader reviews from various resources. It may be a sentiment views or judgment about any 

object based on knowledge or experience. Then the Opinion Holder intrudes either the personor anorganization 

that expresses its views or sentiments about any object and the Object which is an entity(person, topic, product 

or organization) about which the opinion expressed (Haseena rahmath P et al., 2014). 
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Fig. 1: Opinion Mining Model. 

 

 To mine these opinions, the reviews collected can be analysed at three levels. The first one is Document-

level, which determines the overall sentiment of a given review without considering the individual aspects 

provided in the document and this is not suitable for certain applications. The second one is in the sentence 

level, which targets the sentences in the document and categorizes it as objective sentences (no opinion) and 

subjective sentences (with opinion).The third one is the Feature-based, which performs fine grained analysis by 

directly looking at the opinions rather than the document (N. M. Shelke et al., 2012). There are several 

challenges in Sentiment analysis. This includes a positive in one situation may be considered negative in another 

situation. Latter defines people don't always express opinions in a same way. Most traditional text processing 

relies on the fact that small differences between two pieces of text don't change the meaning very much. 

 

Related work: 

 Opinions and sentiments expressed in text reviews can be generally analysed at the document, sentence, or 

even phrase (word) levels. The purpose of document-level (sentence-level) opinion mining is to classify the 

overall subjectivity or sentiment expressed in an individual review document (sentence). Many approaches have 

been proposed to extract opinion features in the field of opinion mining. Supervised learning model may be 

tuned to work well in a given domain, but the model must be retrained if it is applied to different domains. 

Supervised methods are Machine Learning (ML) approaches in which a classifier is trained based on a feature 

set, using labelled training data. 

 (Pang et.al. 2002) wereis the first one to perform SA on online movie reviews. They tested Machine 

Learning approaches, namely, SVM, MaxEnt and NB classifiers and trained them on different feature sets 

including unigrams. Their findings showed that an SVM trained by making use of a unigram bag-of-words 

feature set, outperforms all other approaches presented in their work. Drawbacks of standard ML approaches are 

that for opinion polarity detection, classifiers to be trained on huge feature sets (e.g. unigrams) long training 

sessions are required and due to the huge number of features they have a large time and memory complexity. 

Unsupervised natural language processing (NLP) approaches (G.Vinodhini et al 2012, S.-M. Kim et al., 2006, 

G. Qiu et al., 2008) identify opinion features by defining domain-independent syntactic templates or rules that 

capture the dependence roles and local context of the feature terms. Rather, the rules do not work well on 

colloquial real-life reviews, which lacks formal structure. 

 Topic modeling approaches can mine coarse-grained and generic topics or aspects, that are actually 

semantic feature clusters or aspects of the specific features commented on explicitly in reviews (G. Qiu et al., 

2011). Existing corpus statistics approaches try to extract opinion features by mining statistical patterns of 

feature terms only in the given reviews, without considering their distributional characteristics in another 

different corpus (D.M. Blei et al., 2003, M. Hu et al., 2004).Unsupervised corpus statistics approaches use the 

results of statistical analysis on a given corpus to understand the distributional characteristics of opinion 

features. The approaches are quite resistance to the colloquial nature of online reviews given a suitably large 

review corpus. Semi supervised learning in EM algorithm, needs to find the labelled data automatically in the 

given surrounding to build the distributional information. It is less effective with better performance 

(PrakharBiyanil et al., 2013).Semi supervised setting using co training algorithm is applied to the web page 

classification using two independent view such as, labelled and unlabelled instance, domain dependent and 

domain independent views (Zhongw Zhai et al., 2011).  

 (B. Liu et al., 2012) proposed an association rule mining (ARM) approach to mine frequent item sets as 

potential opinion features, that are nouns and noun phrases with high sentence-level frequency (or support). 

However, ARM, which relies on these frequencies of item sets, has the following limitations for the task of 

feature identification, frequent but invalid features are extracted incorrectly and rare but valid features may be 

overlooked. Note that opinion mining at the document, sentence, or phrase (word) level does not discover what 

exactly people liked and disliked in reviews. Also, it fails to associate the identified sentiments to the 
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corresponding features commented on in the reviews. Clearly, an extracted opinion without the corresponding 

feature (opinionated target) is of limited value in reality.  

Proposed method: 

 To improve the absolute accuracy, an efficient summarization technique namely “A Polarity Detection on 

opinion Ranking cluster Algorithm” for intrinsic and extrinsic domain relevance, product reviewhave been 

proposed. The product reviews are great for business. The 63% of customers read online reviews before making 

a decision to purchase. It has become an important source of information, not only to find opinions about 

products easily for customers and to share their reviews with peers, but also for product manufacturers to get 

feedback on their products. As the number of product reviews grows, it becomes difficult for users to search and 

utilize these resources in an efficient way. To overcome this problem, the proposed algorithm is used to cluster 

the product review. 

 

 
 

Fig. 2: Proposed System Design. 

 

 Figure 2 demonstrates the framework and the modules included in proposed approach. 

3.1 Pre-processing. 

3.2 Opinion feature identification. 

3.3 Opinion word extraction. 

3.4 Polarity detection on opinion ranking cluster algorithm. 

3.5 Summary generation. 

 

3.1 Pre-Processing: 

 Pre-processing involves: tokenization and stop words removal. Tokenization is the process of splitting the 

sentences into separate tokens. For example, “this is a paper about opinion mining” is split as: 

this\is\a\paper\about\ opinion\ mining. Stop words are frequently occurring words that have little or no 

discriminating power, such as: \a", \about", \all", etc., or other domain-dependent words. 

 

3.2 Opinion Feature Identification: 

 (Zhen Hai, et al 2014) proposed the novel method to identify opinion features from online reviews by 

exploiting the difference in opinion feature statistics across two corpora, one domain-specific corpus (i.e., the 

given review corpus) and one domain independent corpus (i.e., the contrasting corpus). To extract a list of 

candidate opinion features from the domain review corpus by defining a set of syntactic dependence rules. For 

each extracted candidate feature, the intrinsic-domain relevance (IDR) and extrinsic-domain relevance (EDR) 

scores are estimated on the domain-dependent and domain independent corpora, respectively..The procedure for 

computing the domain relevance is the same regardless of the corpus.The detailed procedure is discussed below: 

 
Algorithm 1: Identifying the IEDR 

Input: Domain review corpus R 
Output: A validated list of opinion feature. 

1. extract candidates from the review corpus R; 

2. for each candidate feature CF i do 
3. for each document D j in the review R do 

4. compute domain relevance (IDR/EDR) Score for all candidate feature ; 

5. compute IDR Score idri on the review corpus R; 
6. compute EDR Score edri on thereview corpus R; 

7. then cfi as a confirm candidate feature ; 

8. end for 
9. end for 
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 The intercorpus statistics approach to opinion feature extraction based on the IEDR feature-filtering 

criterion, which utilizes the disparities in distributional characteristics of features across two corpora such as 

domain-specific and domain-independent. In this IEDR identifies candidate features that are specific to the 

given review domain and yet not overly generic (domain independent). 

 

3.2.1 Candidate Feature Extraction: 

 In this feature several syntactic dependence rules are used to generate a list of candidate features from the 

given domain review corpus. For given a corpus, first extract a list of candidate features from the review corpus. 

This process works in the following steps:1) Dependence parsing (DP) is first employed to identify the syntactic 

structure of each sentence in the given review corpus; 2) the three rules in Table 1 are applied to the identified 

dependence structures and the corresponding nouns or noun phrases are extracted as candidate features 

whenever a rule is applied. 

 Intuitively, opinion features represents nouns or noun phrases, which typically appear as the subject or 

object of a review sentence. 

 

 
(The price of the cell phone is too expensive) 

 

Fig. 3: SBV Dependence Relation. 

 

 In the case of dependence grammar, the subject opinion feature has a syntactic relationship of type subject 

verb (SBV) with the sentence predicate (usually an adjective or verb). The object opinion feature has a 

dependence relationship of verb-object (VOB) on the predicate. In other words, it also has a dependence 

relationship of preposition-object (POB) on the prepositional word in the sentence. Some syntactic relation 

examples are listed in Figure 3 and 4, with their corresponding dependence trees. 

 

 
(I like the exterior very much) 

 

Fig. 4: VOB Dependency Relation. 

 

 The letter “V” in both SBV and VOB in the figure indicates the predicate of a review sentence. 

 In particular, as shown in the dependence tree in Figure 3, the opinion feature “price”, which is associated 

with the adjective “expensive”, is the subject of the sentence. It has a dependence relation of SBV with the 

adjective predicate. In Figure 4, the noun feature “exterior” is the object of the verb predicate “like,” and thus 
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has a VOB dependence relation with the predicate. From the mentioned dependence relations, i.e., SBV, VOB 

and POB, is that your proposal syntactic rules in Table 1, where “NN” and “CF” denote nouns (noun phrases) 

and candidate features, respectively. For example, by employing the first rule in Table 1, to the example, we can 

extract the noun “price” as a candidate feature, as shown in Figure 3, which has an SBV relation with the 

adjective predicate “expensive.” 

Estimate Domain Relevance 
 

Table 1: Syntactic Rule. 

RULES INTERPRETATION 

NN+SBV-> CF 

 

Identify NN as a CF, 

If NN has a SBV dependency relation 

NN+VOB-> CF 
 

Identify NN as a CF, 
If NN has a VOB dependency relation 

NN+POB-> CF 

 

Identify NN as a CF, 

If NN has a POB dependency relation 

 

3.2.2 Estimate Domain Relevance: 

 For each extracted candidate feature, estimate its domain relevance of an opinion feature using identifying 

the IEDR algorithm. It characterizes how much a term is related to a particular corpus (i.e., a domain) which is 

computed on a domain-specific review corpus, is called intrinsic-domain relevance (IDR). Likewise, the domain 

relevance of the same opinion feature computed on a domain-independent corpus is called extrinsic-domain 

relevance (EDR). The overall opinion feature identification is done using the real-life text reviews from 

different domains corpus. 

 
Table 2: Estimate Domain relevance. 

Noun Screen Battery Fans Money 

IDR Screen Battery  Money 

EDR   Fans  

 

 Example: 1“The screen of Iphone5 looks really beautiful and its battery is okay for me. I am one of its 

many fans and I really want to have one, but it is too expensive and I have no money now!” 

 Example: 1 shows a sample product review on I Phone 5. Here both nouns “screen” and “battery” are 

annotated as true opinion features (with associated opinions). Applying Candidate feature, by the syntactic rules 

(Rules in short) defined in Table 1 to extract a list of candidate features (nouns): “screen,” “battery,” “fans,” and 

“money,” as mentioned in Table 2. To obtain the final confirmed set of opinion features comparison is made, 

when only one of the two measures is used, as shown in line 2 (IDR only) and 3 (EDR only) of Table 2. Using 

IDR, “fans” is not domain-specific enough, so “fans” is pruned to EDR. Using EDR, “money” is too generic, so 

“money” is pruned. 

 

3.3 Opinion Word Extraction: 

 From the domain dependent, the related opinion words are extracted and assign score to opinion words 

according to their range, listed as Candidate features. 

 

3.4 Polarity Detection on Opinion Ranking Cluster Algorithm: 

 The opinion ranking cluster algorithm ranks the users’ opinions based on the scores assigned to the derived 

features. These scores are used to decide the orientation of the opinion. It process each review sentence , look at 

the opinion words and identify the feature closest to each one in the sentence. This first input is the list of 

adjectives which are used to express opinions. Then refer to those as opinion words. Also , for each of the 

adjectives in the list, need to assign a score which indicates how positive or negative the opinion is. For 

example, “awesome” indicates a very strong positive opinion whereas “satisfactory” indicates an opinion which, 

while positive, is not as strong as that of “awesome”. Score are assigned manually in the range of (−4, 4) to each 

opinion words. A negative score indicates a negative opinion, where a positive score indicates a positive 

opinion. A higher score indicates a stronger positive opinion than a lower score. The score of the identified 

features are further summed up to calculate the score of the review separately by means of clustering the 

positive and negative opinions. For each feature compute the score per opinion word. This score is used to rank 

the features, based on the intuition that for positive reviews this will identify the features which reviewers like 

the most and the negative reviews this will identify the ones which they are most unhappy with. 

 

Clustering: 

 Clustering is one of the most useful tasks in data mining process for discovering groups and identifying 

patterns in the given dataset.It is of prime importance in data analysis, machine learning and statistics.It may 

result in different partitioning of a data set, depending on the specific criterion used for clustering.K-Means is 
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one of the simplest unsupervised learning techniques among all partitioning based clustering techniques. It 

classifies a given set of n data objects in k clusters, where k is the number of desired clusters.The k-means 

algorithm is the most extensively clustering algorithms and is generally effective in producing good results. 

 
Algorithm 2: Polarity Detection on Opinion Ranking Cluster Algorithm 

Input: Opinion words (list of adjectives which are used to express opinions) 

Output: Cluster. 
1. Let L1,L2 be the empty cluster list 

2. For each review R do 

3. Compute review noun _count = {} 
4. Compute review adj _count = {} 

5. For each adj do 

6. Extract opinion word  
7. Assign score for opinion word (adj) 

8. For each adj_score compute cluster L1,L2 using k means clustering 

9. If adj_score = +ve 
10. Create cluster L1 as positive opinion word 

11. else adj_score = -ve 

12. Create cluster L2 as negative opinion word 
13. Compute weightage for cluster L1 and L2 

14. end if 

15. end for 
16. end for 

17. end for 

 

3.5 Summary Generation: 

 Summary generation is generated after producing clusters. This summary is based on features of product in 

which the accuracy of the product review is evaluated. Summary can be generated in the form of tables or 

graphs which provides summary of all the reviews of the product. 

 

Experimental result: 

4.1 Data Set: 

 The dataset used for the experimental setup contains the product reviews that are collected from various 

websites. It includes the reviews of product such as cell phone, camera, ear phone, I-phone, led TV etc… These 

reviews are taken into consideration for the following simulation results. It is clearly understood that the reviews 

are pre-processed and clustered for the given product review dataset. 

 

4.2 Performance Measure: 

 F-measure is the performance measures used to evaluate the quality of polarity detection on opinion ranking 

cluster algorithm. F-measure combines the precision and recall ideas from information retrieval. Precision is the 

fraction of retrieved instances that are relevant, while recall is the fraction of relevant instances that are 

retrieved. 

Precision =

|{relevant  opinion  words }
∩

 retrieved  opinionwords  |

| retrieved  opinionwords  |
            (1) 

 

Recall =

|{relevant  opinion  words }
∩

 retrieved  opinionwords  |

| relevant  opinionwords  |
             (2) 

F − Measure =
(2∗ Precision ∗Recall  )

Precision +Recall
             (3) 

 

Evaluation Results: 

 The features extracted for 5 domains such as camera, earphone, Ledtv, Iphone, nokia have been clustered. 

The performance of the cluster is evaluated based on positive review and negative review. Table 3 shows the 

results of precision, recall and F-measure values for the negative and positive reviews attained for the various 

product categories. 

 

Conclusion: 

 In this paper, a novel method to identify opinion feature from online reviews across domain relevance have 

been proposed for addressing the issues in existing algorithm. The Polarity Detection on Opinion Ranking 

Cluster algorithm is capable of identifying positive and negative sentiment polarity, based on the polarity 

computation. The clustering and summary generation helps the user to identify and take the decision about the 

product easily. This system does the summarization process only for static review collection. As reviews about 
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the product are updated often, consolidated review about the dynamic product review summarization will be 

enhanced in future. 
Table 3: Precision and Recall for opinion extraction. 

Product review No of 

feature 

Positive review Negative review 

Precision Recall F-measure Precision Recall F-measure 

Camera 10 0.8 0.57 0.66 0.9 0.6 0.75 

Earphone 7 0.69 0.78 0.73 0 0 0 

LedTv 5 0.71 0.77 0.74 1 0.5 0.6 

I phone 10 0.70 0.74 0.72 0.59 0.65 0.62 

Nokia 13 0.76 0.88 0.82 0.71 0.88 0.79 
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