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Abstract. Research in Sentiment Analysis has shown rapid progress since late 90s. It is an important research area as 

analyzing user’s feedback is useful for business analysis, product comparison, counter intelligence, and poll prediction. 

Despite the rapid surge of Sentiment Analysis research, many unresolved research questions remain. One of the biggest 

concerns is the Semantic Gap, which involves translating machine understandable form to human understandable form. 

Though research has been carried out for machine to understand human language, it is still not capable to address the 

problem mentioned as human languages are diverse and complex. WordNet, for example, attempt to address this issue 

by incorporating large lexical database for English, with various functionalities to manipulate this database. Recently, 

WordNet provides multilingual support, which is very helpful to address the diverse human languages. In this paper, 

we propose a novel multilingual common ontology tool to analyze user’s feedback and opinion. Unlike other existing 

state of the art tools, our tool is capable of handling multi languages regardless of the webpage layout. Experimental 

results show that our tool is highly efficient in analyzing opinion from social networking sites.     
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1 Introduction 

With our accelerated progression on the path towards technological advancement involving the World Wide Web and 

all things online and digital, the thought process of internet users which contribute to their respective actions on the 

internet becomes relatively important as information in dealing and processing potential behaviors of particular groups 

of the community. In order to tap into the useful resource of “what the people think”, a different form of data mining is 

put into motion, known specifically as opinion mining. In collaboration with the mining of opinions available online, an 

analysis is also conducted on the sentimental value of the opinion-based data. The combination of the two mentioned 

techniques produces the resulting opinion mining and sentiment analysis, which many researchers as well as business 

parties may consider amongst one of the fundamental process in an overall data mining sequence or data extraction pro-

cedure. 

To aid in business decision-making processes, opinion mining and sentiment analysis is a tool which can, and is cur-

rently, being used not only because of its usefulness in achieving the desired results of allowing businesses and organiza-

tions to react accordingly to the business’ range of target market, but it is also relatively convenient to obtain or find the 

information that is required and being targeted for this process. With personal experiences and detailed opinions widely 

available and viewed by public eyes, any stranger who demands these information may freely access them, provided that 

the appropriate sites are being utilized. Furthermore, motivation for an increase involvement surrounding the mentioned 

analysis process has also been ongoing in recent years. This is mainly due to the fact that an increase in opinion expres-

sions online began leading to the awareness of its importance in an effort to understanding society, as well as its relation 

to the general public’s need for constant information. 

Besides, by being consistently reliant on recommendations and advice found online, the interest of internet users are 

easily affected. With this knowledge in mind, a majority of business vendors are now beginning to opt to pay attention to 

these previously dismissed influences. Plus, with increasingly better info-access systems being built as accessible tech-

nology advances, additional audiences are now reachable to business corporations, whereby consumer sentiment are now 

readily available to be automatically analyzed and put to good use for the better of a particular business. For example, 

products and services offered by a business may be created or altered accordingly to suit the views perceived by the 

consumers, as understood by the company based on the opinion mining and sentiment analysis conducted on the commu-

nity as a whole. 

Nevertheless, to conduct a proper sentiment analysis, certain challenges must be faced, wherein it is unavoidable when 

the processing of subjective data is involved. Even with the use of systems or applications which are catered to perform 

the analysis process, it is still an issue when an opinion-oriented query is presented by a user and a relevant reply of a 

similar topic has to be returned. The problem intensifies when taking into consideration the fact that entire documents 

may not be a suitable response to a query, but instead merely a portion is necessary as only a section of the page may 

contain opinionated material. In the case of review-aggregation sites, the review-oriented data are usually displayed in a 

format that is stereotypical of review-aggregation sites, thus making it a comparatively easy data to perform mining. 

However, not all sites are optimally formatted as mentioned. Instead, not only are the subjective content vary greatly, but 

other factors may cause the opinion mining procedure to be even more complex, with different layouts and grammatical 
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issues having to be taken into serious consideration at all times. Plus, the process of identifying the overall sentiment 

based on posted content by internet users becomes seemingly harder when the analysis of free-form text is required, since 

specific opinion, features, aspects, items and topics have to be identified and classified, which could be relatively difficult 

to accomplish. 

Moreover, other than the need for data to be prevalent before conducting the sentiment analysis, the end result after 

the procedure is as equally important. The presentation of the sentiment information has to be in the form of a summary, 

in order for easy understanding and to allow for further manipulation down the business processing line. Although textual 

summaries are most common in terms of summarizing data, visualization may be more suitable when it comes to the case 

of this particular form of analysis. 

2 Related Work 

In order to understand the importance of individual opinion and the sentimental characteristics of material on the World 

Wide Web, surveys have been conducted to gain a better overview on the subject. Based on two separate surveys [4][8] 

done in year 2007 and 2008 respectively, involving over 2000 adults, it has been determined that among the frequent 

users of the internet, approximately 80% of them admits to conducting research online to search for additional information 

on products online, whereby 20% of them confirms to doing so on a regular basis. On the other hand, 73% to 87% online 

review readers have stated that reviews which they come across online are capable of influencing their decision regarding 

particular purchases. Furthermore, the individuals which have been involved in the surveys had also indicated that they 

are more than willing to pay anywhere from 20% more to double the price for a publicly rated 5 star rated item, as 

compared to a 4 star rated product. Plus, 32% have claimed to have personally provided a rating online, with 20% claiming 

to having posted online reviews or comments. 

In 2007, Horrigan’s survey showed that a majority of American internet users had claimed to have had a positive 

experience when conducting researching efforts on particular products online [8]. However, 58% also claimed that certain 

information are relatively difficult to find, confusing, and sometimes even overwhelming to them. Together with Raine, 

Horrigan later conducted another survey, mainly focusing on the effects of sentiment in respects to the political field [10]. 

By studying 2,500 American adults, Rainie and Horrigan have discovered that at least 60 million individuals have used 

the convenience of the internet to accumulate information as well as to exchange point of views in regards to the 2006 

election campaigns. Of the individuals surveyed, 28% had stated that they do so in order to obtain an insight from the 

people residing within their own community, whereas 34% wished to reach out to those outside of their community for 

perspective. Overall, a total of 8% of the people who was surveyed claimed to have posted a political commentary based 

on their point of view of the matter. 

Nevertheless, there were already projects conducted in the early years, which has shown interest in sentiment analysis, 

as well as the process of opinion mining, as seen in the works done by Carbonell [5], as well as by Wilks and Bien [16]. 

Another related writing was done by Wiebe in 1994 [6]. Wiebe’s work revolved around the private state subjectivity, 

which was the main topic of the study published by Banfield, a literary theorist [1]. As defined by Quirk et al. the men-

tioned state refers to states which are not available for verification or observation [12]. 

After the WWW conference in 2003, there was a significant increase in the overall popularity and recognition of the 

term “opinion mining” in regards to areas relating to information retrieval as well as web search activities, which can be 

seen in a writing done by Dave et al. during the time [9]. In the paper, Dave et al. explains that in the case of an opinion 

mining tool, the optimal outcome of the tool would be to “process a set of search results for a given item, generating a list 

of product attributes (quality, features, etc.) and aggregating opinions about each of them (poor, mixed, good)” [9]. How-

ever, Liu later defined the term in a comparatively wider sense, which included various forms of evaluative text analysis 

[2]. 

In 2001, Das and Chen, with a fascination for market sentiment analysis, had produced papers which made use the 

term “sentiment” as referring to the automatic analysis of evaluative text, not to mention the tracking of decisions which 

are predictive [14]. The study by Tong also portrayed a similar understanding [13]. In the following year, more papers 

were published during the Empirical Methods in Natural Language Processing (EMNLP) annual conference, as well as 

the Association for Computational Linguistics (ACL) annual meeting, by Pang et al. [3] and Turney [11]. Yi et al. [7], 

and Nasukawa and Yi [15], then went on to publish papers each in 2003, whereby the papers were titled as “Sentiment 

Analyzer: Extracting sentiments about a given topic using natural language processing techniques” and “Sentiment anal-

ysis: Capturing favorability using natural language processing” respectively. From the publications conducted during 

these years, it can be seen that the term “sentiment analysis” has been used in league with that of the phrase “opinion 

mining”, not to mention the justification behind the term’s popularity within the indicated community. 

3 Problem Formulation 

Research in sentiment analysis is a non trivial task. First of all, it is certainly difficult to analyze the language written by 

human being as the language is highly ambiguous. Secondly, an internet user may write his content in broken language, 

this is particularly true in recent days as statistics shown that most users, if not all, prefer to write broken English in their 

blogs, comments, as well as posts due to the shorter time required. Third, there exist no standard convention to represent 
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all the human languages currently exist in this world. English for example, does not have a specific grammar, and lexical 

rules to parse its words though it’s the most commonly used language in this world. Finally, existing ontology tools are 

still yet to be able to handle the complexity of human languages efficiently. These tools, though they are able to process 

the semantic properties of data well and have various support for multilingual and upper ontology, are still incapable to 

process the vast representation of a particular language. English language for example, can be written in many other 

forms, such as broken language, and it can be used to mix with other existing languages as well, which current ontology 

tools are incapable of handling.      

4 Motivation 

Inspired by the various enhancements and the rapid progress of WordNet research, we hope to fully utilize the function-

alities provided by WordNet to efficiently analyze the opinion written by many internet users. Given the multilingual 

support of WordNet and the wide coverage of most of the languages existed in this world, we develop a tool which can 

analyze the semantic meaning of data regardless of the languages. In other words, our tool is capable of performing 

sentiment analysis regardless of the languages written. Due to the fact that our tool has multilingual support, it is certainly 

feasible to analyze opinion written in broken language or a mixture of languages. We develop a FlexSpell tool, which can 

auto correct a word which is wrongly spelled, using lexical analyzer and context free grammar, and able to link sentences 

written in different languages into a single contextual forms.     

5 Proposed Solution 

Preliminary stage  

 

To analyze the feedback from an online forum or social networking sites effectively, we need a powerful and efficient 

sentiment analysis tool. After a thorough study and investigation, we have decided to adopt common ontology WordNet 

as our approach. Before sentiment analysis is carried out, we need to collect sample pages which contain users’ opinion 

and feedback. We gather this data from blogs, forums, and social networking sites. Then, we use ICE Browser to parse 

through the sample pages and constructs DOM Tree as well as obtaining visual information. Once we have construct 

DOM Tree with the visual information, we segment the webpages into their respective segments using the method in []. 

Then, we locate the text nodes and obtain the text information. The text is then tokenized into words. The words are then 

stemmed to their root word, and spelled check. After the spell checking and stemming are carried out, we then stored the 

words in a list for further processing. 

 

First Stage of Sentiment Analysis     

 

We use the list of keywords to determine the semantic properties of text data in the webpage. First, we match keywords 

with nearly identical meaning in their contents. To achieve this, we use the WordNet similarity measure to match two 

keywords and if they are 75% similar, they are considered as semantically matched. We then stored keywords which 

contain similar semantic properties. Some text contains word disambiguation. For example, the word “interest” in the 

sentences “Interest in book” and “High interest rate in bank” are having entirely different meaning. For such a case, we 

use Adapted Lesk algorithm to differentiate the meaning between these two keywords. Adapted Lesk algorithm detects 

the semantic of two similar keywords by checking their neighboring words and matched those neighboring keywords 

with WordNet similarity check. Since the two sentences mentioned previously have highly dissimilar keywords (e.g. 

book, bank), it is concluded that the two sentences are not semantically similar. The procedure of matching keywords is 

then repeated for the remaining of the webpage text content.   

 

Second Stage of Sentiment Analysis 

 

After determining the semantic properties of the text content, we try to determine the polarization of the text by measuring 

them using a scale. Determining the polarity of an opinion and fitting them into a given scale is a non trivial task as an 

opinion written by users are rather specific to the writer and it is also subjective in nature. To validate our approach, we 

benchmark our technique against human labeled test. Details of this experiment will be discussed in the experimental 

section. To determine the polarization, we used a scale of 1-5 as the benchmark. It is assumed that a score of 5 will 

indicate a very positive feedback from the user while a scale of 1 indicates a very negative feedback from the users. The 

polarization is determined at two stages and levels, they are page level and topic specific level. To determine the page 
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level polarization is a fairly task whereas the topic specific level polarization requires much more effort. This is because 

we need to determine the boundary of a particular topic under discussion. A topic boundary may not necessary be under 

a <div> tag, they may be bounded by other tags such as <iframe> or <table>. Even they are bounded by <div> tag, a page 

may contain nested <div> tags where one of the <div> tag may contain the topic under discussion, therefore making it 

complicated for the proposed method to locate the desired tag. We deal with page level polarization first. For page level 

polarization, we check all the keywords with similar semantic properties mentioned in the previous section. Then, we 

check for supporting keywords such as “very”, “not”, etc, which may lead to different polarization score if found. A user 

may write and post his comments using different keywords. In fact the opinion posted by the users varies from page to 

the topic under discussion. The opinions written by two users may contain similar keywords, but they may be entirely 

different in meaning due to the presence of supporting keywords. To validate the disambiguation of these opinions, we 

use Adapted Lesk algorithm to check whether two sentences are similar.          

 

Third Stage of Sentiment Analysis 

 

The method we used previously does not cater for other languages other than English. To date, there exist numerous 

webpages written in different languages. The earlier version of WordNet caters only for English language. Recently, 

research is carried out where support for other languages has been incorporated into WordNet. This is a significant ad-

vantage to our work as multilingual support provided by WordNet can be used to analyze the semantic properties of text 

data written in various languages. To check for semantic similarity between keywords written in other languages, we need 

to implement the similarity methods in WordNet to cater for other languages. Fortunately, it is not difficult to map the 

implementation of Word Matching in English to that of other languages of WordNet as the functionalities provided by 

WordNet across other languages are almost similar though the accuracy returned by all these different methods may not 

be exactly similar. For example, a match between Cat and Dog in English WordNet nay return 75% similar while that of 

Chinese WordNet may return 73% similar. Once we have implemented all the similarity check methods for WordNet 

written in other languages, we repeat the similarity check procedure used previously.  

 

Fourth Stage of Sentiment Analysis 

 

Once we have determine the polarity of all the text content in a webpage, we need to prepare a brief report so that this 

information could be used for further analysis. We adopt XML format to store the analysis of our results as it is a widely 

adopted standard used by many researchers in this field. The format for storing our analysis consists of relevant infor-

mation such as name, title, polarity, and conclusion made.   

6 Experimental Tests 

 

We conduct our experimental tests on a wide range of datasets. We collect a random sample of 200 pages from the 

deep web repositories. The sample pages are collected across a wide range of domains, such as blogs, forums, social 

networking sites, and online forums. We measure the effectiveness of our algorithm using precision and recall which are 

formulated as follows: 

 

Recall=Correct/Actual*100 

Precision=Correct/Extracted*100 

 

Correct depicts the number of pages where the opinion are correctly mined. Actual is the actual number of pages 

containing mined opinions. Extracted depicts the number of pages with their opinion mined.  

As shown in Table 1, our sentiment analysis tool achieves high accuracy both in terms of precision and recall for 

mining opinion from web pages. Unlike other existing techniques, our tool is able to handle webpages written in different 

languages. Our tool is also capable of handling webpages written in broken languages. This is because we use multilingual 

WordNet and spell checker to determine the semantic properties of data in the web pages. Our tool failed to mine opinion 

from some of the web pages. For example, some webpages contain non text related information such as scripts, and flash, 

where our tool is not able to handle due to its dynamic and non readable format.            
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Table 1 Experimental Tests 

Terms Our system 

Actual 200 

Extracted 191 

Correct 182 

Recall 91.00.% 

Precision 95.28% 

7 Conclusions 

In this paper, we have address the problem of mining opinion from webpages. The problem of opinion mining is a non 

trivial task and researcher has since proposed various solutions to overcome these challenges. Solving the problem opinion 

mining can lead to several key advantages. First of all, commercial and industrial companies are obviously in great need 

to obtain user’s feedback regarding their products. Secondly, opinion mining is certainly useful for counter intelligence 

activities due to its highly accurate method of obtaining user’s communication over the web. Finally, it can also be used 

for poll prediction and analysis, where polling candidates are able to obtain invaluable information regarding their oppos-

ing candidates strength and weaknesses. We have successfully develop a novel multilingual ontology method to mine 

opinion from webpages. Our tool is not only effective in mining diverse data which occurred in numerous layout, but also 

able to extract opinion written in various languages. Our tool is certainly useful for data which is of diverse format and 

layout written in various languages.     
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