
3
rd 

National Conference on Innovative Research Trends in Computer Science and Technology (NCIRCST 2018)                   ISSN: 2454-4248 
Volume: 4 Issue: 3                                                                                                                                                                        80 – 83 

____________________________________________________________________________________________ 

80 
IJFRCSCE | March 2018, Available @ http://www.ijfrcsce.org (Special Issue)       

_______________________________________________________________________________________ 

Product Aspect Ranking with Consumer Review Analysis and Topic 

Classification 

 

D. Deepa, Dr. P.Vishnu Raja, Dr. K. Sangeetha 

Department of Computer Science and Engineering 

Kongu Engineering College, Perundurai 

 

Abstract:-Product Aspect Ranking with Consumer Review Analysis and Topic Classification is used to train sentiment classifiers 

for multiple domains. The sentiment information in different domains is shared to train more accurate and robust sentiment 

classifiers for each domain. Specifically, the sentiment classifier of each domain is decomposed into two components, a global 

one and a domain-specific one. Using these components identify the important aspects of products from online consumer reviews 

is the goal of the project. The important product aspects are identified based on two observations.  Demonstrate the capacity of 

product aspect ranking in facilitating real-world applications. 

The global model can capture the general sentiment knowledge and is shared by various domains. The domain-specific 

Improved Multilayer Transform (i-MLP) model can capture the specific sentiment expressions in each domain. In addition, 

extract domain-specific sentiment knowledge extract from both labeled and unlabeled samples in each domain and use it to 

enhance the learning of domain-specific sentiment classifiers. 

The similarities between domains over the domain-specific sentiment classifiers to encourage the sharing of sentiment 

information between similar domains. Two kinds of domain similarity measures are explored, one based on textual content and 

the other one based on sentiment expressions. The main advantage of product aspect ranking is to give the best recommendation 

to the user. It increase the performance compared to the existing system. 

__________________________________________________*****_________________________________________________ 

1. Introduction 

Data mining (sometimes called data or knowledge 

discovery) is the progression of analyses data from special 

perspectives and abbreviation into useful data information 

that can be used enlarge the revenue, reduce cost and both. 

It allows the users to analyze the data from various 

dimensions or angles and review the associations 

recognized. Technically, the data mining is the process of 

decision correlations or patterns between fields in huge 

relational databases. 

 Data mining is the prediction tool for large 

databases and it helps to large organization focus on the 

more important data’s in their data warehouses. It’s a tool to 

predict the upcoming trends, allowing organization/ 

business to make hands on knowledge-driven decisions. The 

computerized, prospective analyses presented by data 

mining move ahead of the analyses past measures provided 

by traditional tools typical of decision support systems. That 

conventionally time taken process to resolve the business 

questions. The hidden patterns in source database, discovery 

projecting information experts possibly miss since it lies 

external their expectations. 

 

2. Related work 

    An optimization approach    Yue Lu (2017), proposed the 

explosion of Web opinion data has made essential the need 

for automatic tools to analyze and understand people’s 

sentiments toward different topics. In most sentiment 

analysis applications, the sentiment lexicon plays a central 

role. However, it is well known that there is no universally 

optimal sentiment lexicon since the polarity of words is 

sensitive to the topic domain. Even worse, in the same 

domain the same word may indicate different polarities with 

respect to different aspects. For example, in a laptop review, 

“large” is negative for the battery aspect while being 

positive for the screen aspect. It focus on the problem of 

learning a sentiment lexicon that is not only domain specific 

but also dependent on the aspect in context given an 

unlabeled opinionated text collection. A novel optimization 

framework that provides a unified and principled way to 

combine different sources of information for learning such a 

context-dependent sentiment lexicon is used. Experiments 

on two data sets (hotel reviews and customer feedback 

surveys on printers) show that our approach can not only 

identify new sentiment words specific to the given domain 

but also determine the different polarities of a word 

depending on the aspect in context. In further quantitative 

evaluation, method is effective in constructing a high quality 

lexicon by comparing with a human annotated gold 

standard. In addition, using the learned context-dependent 

sentiment lexicon improved the accuracy in an aspect-level 

sentiment classification task. 

3.A survey on transfer learning 

 SinnoJialin Pan (2010), proposed a major 

assumption in many machine learning and data mining 

algorithms is that the training and future data must be in the 

same feature space and have the same distribution. 

However, in many real-world applications, this assumption 

may not hold. For example, we sometimes have a 

classification task in one domain of interest, but there is 

only sufficient training data in another domain of interest, 

where the latter data may be in a different feature space or 

follow a different data distribution. In such cases, 

knowledge transfer, if done successfully, would greatly 

improve the performance of learning by avoiding much 

expensive data labeling efforts. In recent years, transfer 

learning has emerged as a new learning framework to 

address this problem. This survey focuses on categorizing 
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and reviewing the current progress on transfer learning for 

classification, regression and clustering problems. In this 

survey, the relationship between transfer learning and other 

related machine learning techniques such as domain 

adaptation, multitask learning and sample selection bias, as 

well as co-variate shift is discussed.  Some potential future 

issues in transfer learning research also explored.              

 Data mining and machine learning technologies 

have already achieved significant success in many 

knowledge engineering areas including classification, 

regression and clustering. However, many machine learning 

methods work well only under a common assumption: the 

training and test data are drawn from the same feature space 

and the same distribution. When the distribution changes, 

most statistical models need to be rebuilt from scratch using 

newly collected training data. In many real world 

applications, it is expensive or impossible to re-collect the 

needed training data and rebuild the models. It would be 

nice to reduce the need andeffort to re-collect the training 

data. In such cases, knowledge transfer or transfer learning 

between task domains would be desirable.  

 Many examples in knowledge engineering can be 

found where transfer learning can truly be beneficial. One 

example is Web document classification where our goal is 

to classify a given Web document into several predefined 

categories. As an example in the area of Web-document 

classification the labeled examples may be the university 

Web pages that are associated with category information 

obtained through previous manual-labeling efforts. For a 

classification task on a newly created Web site where the 

data features or data distributions may be different, there 

may be a lack of labeled training data. As a result, not able 

to directly apply the Web-page classifiers learned on the 

university Web site to the new Web site. In such cases, it 

would be helpful if we could transfer the classification 

knowledge into the new domain.  

 The need for transfer learning may arise when the 

data can be easily outdated. In this case, the labeled data 

obtained in one time period may not follow the same 

distribution in a later time period. For example, in indoor 

WiFi localization problems, which aims to detect a user’s 

current location based on previously collected WiFi data, it 

is very expensive to calibrate WiFi data for building 

localization models in a large scale environment, because a 

user needs to label a large collection of WiFi signal data at 

each location. However, the WiFi signal-strength values 

may be a function of time, device or other dynamic factors. 

A model trained in one time period or on one device may 

cause the performance for location estimation in another 

time period or on another device to be reduced. To reduce 

the re-calibration effort, the localization model trained in 

one time period (the source domain) for a new time period 

(the target domain), or to adapt the localization model 

trained on a mobile device (the source domain) for a new 

mobile device (the target domain), as done in. 

4.Regularized multi–task learning 

 TheodorosEvgeniou (2004), proposed Past 

empirical work has shown that learning multiple related 

tasks from data simultaneously can be advantageous in 

terms of predictive performance relative to learning these 

tasks independently. Here an approach to multi–task 

learning based on the minimization of regularization 

functionals similar to existing ones, such as the one for 

Support Vector Machines (SVMs), that have been 

successfully used in the past for single–task learning is 

presented. This allows to model the relation between tasks 

in terms of a novel kernel function that uses a task–coupling 

parameter. An instance of the proposed approach similar to 

SVMs and test it empirically using simulated as well as real 

data is implemented. The experimental results show that the 

proposed method performs better than existing multi–task 

learning methods and largely outperforms single–task 

learning using SVMs.The methods for multi–task learning 

that are natural extensions of existing kernel based learning 

methods for single task learning, such as Support Vector 

Machines (SVMs). 

 In many practical situations a number of statistical 

models need to be estimated from data. For example multi– 

modal human computer interface requires the modeling of 

both, say, speech and vision; machine vision problems may 

themselves require the estimation of multiple models, for 

example one for detecting each object, i.e. a face, from a 

pool of similar objects; in finance forecasting models for 

predicting the value of many possibly related indicators 

simultaneously is often required; in marketing modeling the 

preferences of many individuals simultaneously is common 

practice.  

 When there are relations between the tasks to learn, 

it can be advantageous to learn all tasks simultaneously 

instead of following the more traditional approach of 

learning each task independently of the others. There has 

been a lot of experimental work showing the benefits of 

such multi–task learning relative to individual task learning 

when tasks are related, see. There have also been various 

attempts to theoretically study multi–task learning, see.  

 The methods for multi–task learning that are 

natural extensions of existing kernel based learning methods 

for single task learning, such as Support Vector Machines 

(SVMs). To the best of our knowledge, this is the first 

generalization of regularization–based methods from single–

task to multi–task learning.  An instance of the proposed 

approach similar to SVMs and test it empirically using 

simulated as well as real data is implemented. 

 An instance of the proposed methods 

experimentally using both simulated and real data is tested. 

The experiments show that the proposed method performs 

better than existing multi–task learning methods and largely 

outperforms single–task learning. 

5.Opinion mining and sentiment analysis 

 Bo Pang (2002) proposed An important part of our 

information-gathering behavior has always been to find out 

what other people think. With the growing availability and 
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popularity of opinion-rich resources such as online review 

sites and personal blogs, new opportunities and challenges 

arise as people now can, and do, actively use information 

technologies to seek out and understand the opinions of 

others. The sudden eruption of activity in the area of opinion 

mining and sentiment analysis, which deals with the 

computational treatment of opinion, sentiment, and 

subjectivity in text, has thus occurred at least in part as a 

direct response to the surge of interest in new systems that 

deal directly with opinions as a first-class object. This 

survey covers techniques and approaches that promise to 

directly enable opinion-oriented information seeking 

systems. Focus is on methods that seek to address the new 

challenges raised by sentiment aware applications, as 

compared to those that are already present in more 

traditional fact-based analysis. It includes material on 

summarization of evaluative text and on broader issues 

regarding privacy, manipulation, and economic impact that 

the development of opinion-oriented information-access 

services gives rise to. To facilitate future work, a discussion 

of available resources, benchmark datasets, and evaluation 

campaigns is also provided. 

 “What other people think” has always been an 

important piece of information for most of us during the 

decision-making process. Long before awareness of the 

World Wide Web became widespread, many of us asked our 

friends to recommend an auto mechanic or to explain who 

they were planning to vote for in local elections, requested 

reference letters regarding job applicants from colleagues, or 

consulted Consumer Reports to decide what dishwasher to 

buy. 

6.Conclusion 

Product aspect ranking use I-MLP algorithm is to identify 

the important aspect of the given product. In the last few 

decades, recommender systems have been used, among the 

many available solutions, in order to mitigate information 

and cognitive overload problem by suggesting related and 

relevant items to the users. In this regards, numerous 

advances have been made to get a high-quality and fine-

tuned recommender system. Nevertheless, designers face 

several prominent issues and challenges.  

 Although, I-MLP researchers have been working to 

cope with these issues and have devised solutions that 

somehow and up to some extent try to resolve these issues, 

however we need much to do in order to get to the desired 

goal. Here the focus is, on the prominent issues and 

challenges, discussed what has been done to mitigate these 

issues, and what needs to be done in the form of different 

research opportunities and guidelines that can be followed in 

coping with at least problems like latency, sparsity, context-

awareness, grey sheep and cold-start problem.  It mainly 

used to incorporate the similarities between different 

domains into our approach as regularization over the 

domain-specific sentiment classifiers to encourage the 

sharing of sentiment information between similar domains.  

And only the items with high degree of similarity to user’s 

preferences are would get recommended to the consumer. 

The scheme used to provide desirable guarantees about the 

nature of recommendation produced and is also robust to 

variation of user interests. It can effectively improve the 

performance of multi-domain sentiment classification, and 

significantly outperform baseline methods. 
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