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Abstract 
 

Social media have emerged as new communication channels between consumers and 
companies that generate a large volume of unstructured text data. This social media content, 
which contains consumers’ opinions and interests, is recognized as valuable material from 
which businesses can mine useful information; consequently, many researchers have 
reported on opinion-mining frameworks, methods, techniques, and tools for business 
intelligence over various industries. These studies sometimes focused on how to use opinion 
mining in business fields or emphasized methods of analyzing content to achieve results that 
are more accurate. They also considered how to visualize the results to ensure easier 
understanding. However, we found that such approaches are often technically complex and 
insufficiently user-friendly to help with business decisions and planning. Therefore, in this 
study we attempt to formulate a more comprehensive and practical methodology to conduct 
social media opinion mining and apply our methodology to a case study of the oldest instant 
noodle product in Korea. We also present graphical tools and visualized outputs that include 
volume and sentiment graphs, time-series graphs, a topic word cloud, a heat map, and a 
valence tree map with a classification. Our resources are from public-domain social media 
content such as blogs, forum messages, and news articles that we analyze with natural 
language processing, statistics, and graphics packages in the freeware R project environment. 
We believe our methodology and visualization outputs can provide a practical and reliable 
guide for immediate use, not just in the food industry but other industries as well. 
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1. Introduction 

Many online communication services such as forums, blogs, online communities, and 
social networking sites have emerged as new communication channels that link consumers 
with companies. These online communications, often called social media, directly influence 
marketing and sales; consequently, companies aggressively participate in social media 
communication and use it for marketing strategies and public relations [1]. Social media also 
generate a large volume of content such as customer reviews, online articles, and tweets; 
therefore, analyzing social media content is regarded as an opportunity to discover 
meaningful information and intelligence for business [2], [3]. In particular, opinion mining 
and sentiment analysis are frequently used for such analysis because they emphasize the 
extraction of sentiment polarity and authors' opinions such as positive, negative, and neural 
sentiment [4]. For example, if a company can mine consumer opinions about products, 
services, brand image, and reputation by analyzing this data, the information would enable it 
to manage sales marketing and business strategy more effectively and efficiently [5]. In this 
regard, “Opinion mining, as a sub-discipline within data mining and computational 
linguistics, is referred to as the computational techniques used to extract, classify, understand, 
and assess the opinions expressed in various online news sources, social media comments, 
and other user-generated content. Sentiment analysis is often used in opinion mining to 
identify sentiment, affect, subjectivity, and other emotional states in online text” [2]. 
Therefore, opinion mining that involves sentiment analysis can be defined as a series of 
processes used to identify sentiment, nuance, and the author’s attitude as shown in text and 
can turn this information into meaningful information for use in decision-making.  

Many researchers conducted studies to discover business intelligence by using opinion-
mining methodology for social media analytics. Early-stage studies that analyzed customer 
opinion focused on the volume of customer reviews and ratings in order to identify the 
influence of consumer word-of-mouth (WOM) on sales and marketing [6], [7]. However, it 
was realized that analyzing only volume and rating scores might not be enough to explain 
social dynamics in online communication; therefore, the sentiments of content were used as 
a new resource in WOM analysis [8]. In this regard, various approaches for opinion mining 
were proposed and used in several industries including e-commerce, retail, entertainment, 
and even stock markets. Some of the subsequent studies focused on how to use opinion 
mining in business fields, others emphasized methods of analysis to achieve results that are 
more accurate, and a few considered how to visualize in order to make results easier to 
understand. 

Although these studies proposed frameworks, methods, techniques, and outputs for 
extracting business intelligence from social media content, the approaches are often 
technically complex and difficult for typical business users to comprehend and use. 
Realistically, in order to handle the large amount of complex social media content effectively 
and make prompt, timely decisions, the analysis results must be presented in a simple, easy-
to-understand, and visual manner.  

To overcome the weaknesses in current research and fill the gaps, this study proposes a 
comprehensive and practical methodology for social media opinion mining (SMOM). In this 
regard, the paper has three objectives. First, we describe the entire cycle of the SMOM 
framework from the initial data gathering stage to the final presentation. In this way, 
business analysts and marketers who are considering the use of opinion mining with social 
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media have a guide to the whole process. Second, we apply SMOM methodology to a case 
study of a Korean instant noodle company. This case study offers real-world business 
insights drawn from market sensing that show practical-minded business people how they 
can use these types of result for timely decision-making. Finally, we present several useful 
outputs such as a domain-specific lexicon, volume and sentiment graphs, a topic word cloud, 
heat maps, and a valence tree map to provide vivid, full-colored examples. All deliverables 
are generated by open library software packages of the R project; as a result, potential users 
can adopt these tools and techniques immediately. 

2. Related Works 

Traditional market research methods such as interviews, surveys, and observations usually 
investigated customers’ opinions from sample groups instead of a target consumer 
population. However, following the emergence of the internet, online communication has 
become a common channel between customer and company, and has changed markets and 
organizations [3], [9]. In this regard, consumer WOM, which refers to personal 
communication among people, has been recognized as a significant source that enables 
companies to understand customers’ interests, sentiments, and opinions about products and 
services. In contrast, earlier studies regarding WOM analysis simply considered reviews and 
popularity ratings generated by customers.  

However, analyzing only the volume of customer reviews and rating scores might not be 
enough to explain social dynamics in online communication; therefore, the sentiments of 
user-generated content were applied as new parameters in WOM analysis [8]. Since then, 
many researchers proposed various approaches to opinion mining and conducted studies in 
several industries including e-commerce, retail, entertainment, and stock markets. These 
studies can be divided into three points of view according to the researchers’ emphasis: the 
application view, which focuses on how to use opinion mining in business fields; the 
technical view, which considers analytical methods to achieve more accurate results; and the 
presentation view, which uses visualization for easier understanding.  

2.1 The Application View: How to Use Opinion Mining 
Studies that adopted the application view emphasized that opinion mining is a useful method 
for discovering marketing intelligence and business insights. They applied opinion mining 
for topic and information extraction [3], reputation comparison [10], sales forecasting [11], 
and market prediction [12] in various business fields.  

One study suggested a market intelligence framework and conducted a case study of Wal-
Mart in order to evaluate business constituents [3]. The proposed system architecture had 
four areas: data collection from online news and web forums; topic extraction using the 
mutual information method; sentiment identification using SentiWordNet; and opinion 
analysis, which includes traffic dynamics, topic and sentiment evolution, active topics and 
sentiments, and opinion leader analysis. The case study collected multiple web forums’ data 
according to four types of opinion category: investor, employee, customer, and media. The 
research presented a message traffic graph, a moving average of sentiment scores, and a top 
five active authors list with negative sentiment issues in healthcare, customer service, unfair 
labor practices, and union membership. In conclusion, the researcher suggested that Wal-
Mart must recognize marketing intelligence, the items that are important, and who needs to 
pay special attention.  
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Another study demonstrated opinion measurement about WOM information with regard to 
managerial decisions in the Hollywood movie industry [13]. This research collected online 
communication content for 257 movies from the message board of Yahoo Movies during 
2005-2006 and extracted five measures using SentiWordNet and OpinionFinder: volume, 
valence, subjectivity, number of sentences, and number of valence words. The results of 
comparing the five measures to the movie lifecycle from the preproduction period to several 
weeks after release showed that the volume of messages had a significant correlation to 
forecast movie box office sales, but the valence of WOM did not show a meaningful relation 
between WOM and movie sales.  

Another research study about movie sales forecasting suggested meaningful results that 
included the significant influence of the valence of online WOM on consumers' willingness 
to watch a movie [11]. The researchers gathered 4,166,623 tweets of 63 movies from June 
2009 to February 2010 and conducted a filtering and categorizing process. About 380,000 
filtered tweets, 9.12 % of total volume, were finally selected and categorized by a support 
vector machine and Naïve Bayesian classifier. The four categories were intention, positive, 
negative, and neutral. According to the results, “An increase by 1% in the ratio of positive 
tweets is associated with a $125,881 increase of movie revenue, but an increase by 1% in the 
ratio of negative tweets is associated with a $137,451 decrease of movie revenue” (p. 868).  

Another study related to market prediction measured the correlation between the Dow Jones 
Industrial Average (DJIA) and online mood states on tweets [12]. This research collected a 
public data set of 9,853,498 tweets posted by approximately 2.7 million users for 10 months 
from February 28 to December 19, 2000 and tagged the mood of each tweet using a two-
mode tracking tool. The tool's first mode calculated positive and negative sentiment and the 
second mode measured six mood dimensions: calm, alert, sure, vital, kind, and happy. The 
results suggested that public mood is correlated to the DJIA and the accuracy of standard 
stock market prediction models is able to improve significantly in certain mood dimensions 
such as calm.  

2.2 The Method and Technique View: How to Analyze to Achieve Greater 
Accuracy 
While prior studies focused on how to use opinion mining, some researchers emphasized the 
use of methods and techniques to improve opinion-mining capabilities such as accuracy. A 
case study of the film market proposed new methodologies for mining online reviews in 
order to predict movie sales performance [14]. The researchers attempted to generate several 
mining process models: sentiment probabilistic latent semantic analysis (S-PLSA) for 
summarizing deeper sentiment than simple classification as negative or positive; an 
autoregressive sentiment aware (ARSA) model for predicting sales performance by using 
sentiment analysis results and past performance values; and an autoregressive sentiment and 
quality aware (ARSQA) model for considering review quality. The proposed models 
demonstrated the significant impact of review sentiment and volume on the accuracy and 
effectiveness of the analysis results.  

Another study into opinion mining's capabilities used objective words in SentiWordNet [15]. 
The research proposed that such words in SentiWordNet represented a public sentiment 
lexicon and were rarely used for sentiment mining; therefore, it conducted research to 
measure the sentimental relevance between objective words and sentiment sentences using 
support vector machines (SVM). The study's results showed a 4.1% improvement in 
accuracy from the traditional SentiWordNet to the revised SentiWordNet. However, because 
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approaches using single words or a flat structure could face several challenges such as 
particular linguistic and nonlinguistic knowledge, text styles, and domains, a further study 
highlighted the development of corpora for sentiment analysis [16]. The authors tried to find 
new concept-level approaches to the use of semantic and affective resources for annotation 
by investigating the Italian Twitter corpus.  

Elsewhere, a study proposed a probability model to measure the sentiment of financial news 
articles and predicted movements of the Korea Composite Stock Price Index (KOSPI) [17]. 
The authors suggested a text opinion-mining method that included data collection, natural 
language processing (NLP), a generated domain-specific sentiment dictionary, and relevant 
news articles' opinions compared with rises and falls of the KOSPI. They achieved a 63.0% 
F1 score on the threshold of validation data. Further, in order to extract opinions and 
sentiments more accurately from news content, a study generated a lexicon of stock domain-
specific sentimental words and achieved higher accuracy than with a general dictionary [18]. 
Finally, a contextual-meaning study proposed an algorithm to build automatically a word-
level emotional dictionary for social emotion detection [19]. The authors stated that a 
dictionary generated for a specific purpose is more efficient at predicting the emotional 
distribution of news articles.  

2.3 The Presentation View: How to Visualize for Easy Comprehension 
The other view of opinion-mining research focuses on presentation in order to improve 
recognition using visualization. As an effective means of communication, a visual metaphor 
is able to provide users with an integrated view of analysis results and enables them to 
discover significant opinion patterns easily [20]. Thus, researchers have investigated 
visualization methods and systems in order to synthesize analysis results for marketers, 
analysts, and other users.  

One study generated a visual analytic tool to support journalists and other professionals in 
the media industry who want to mine valuable news items from a large volume of social 
media content [21]. The researchers collected 101,285 tweets regarding the US presidential 
State of the Union address of 2010 and presented the analysis process and results. In this 
regard, they designed research to collect, analyze, aggregate, and visualize social media 
content about one broadcast event. They suggested using a visualized user interface tool with 
an integrated view that included a keyword search and filtering section, video and Twitter 
messages, topic sections, a message volume graph, and a sentiment trends bar.  

Other researchers built an interactive visualization system, the OpinionSeer, to analyze 
online hotel customer reviews. The purpose was to achieve greater comprehension of 
customer opinions [20]. The researchers categorized each opinion by document level and 
feature level (e.g., room, service, and price), and attempted to reveal any uncertainty hiding 
in customer reviews through visualization. The system had three major components: opinion 
mining in order to extract customer sentiment from hotel reviews; subjective logic in order to 
define review features; and data visualization techniques. The visualization system was 
specifically developed to recognize opinion patterns easily and included a new visual layout 
such as an opinion wheel that used scatter plots and radial graphs. 

2.4 Summary 

Consequently, opinion mining can be categorized as three different points of view in Fig. 1 
according to what is emphasized in the research. The application view focuses on how to use 
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opinion mining; the technical view considers how to improve analytical capabilities; and the 
presentation view uses visualization to improve effective comprehension. 

 
Fig. 1. Three Views of Opinion-Mining Research 

 

Studies that researched the application view highlighted how to use opinion mining in 
business fields in order to discover marketing intelligence and business insights. They 
analyzed the opinions and complaints of business actors such as consumers, investors, and 
employees; forecasted movie sales performance; and generated new prediction parameters 
for stock market investments. Researchers who used the technical view focused on methods 
and techniques to find more effective and efficient approaches for improving aspects of 
analysis performance such as accuracy. They generated moderate algorithms and models, 
used a specific-purpose dictionary, and applied a new approach. The remaining researchers 
used visualization for the effective communication of opinion-mining outputs. They believed 
that a visual metaphor enables business decision-makers to understand analysis results easily 
and helps to discover significant opinion patterns. In this regard, they developed new 
visualization systems and suggested the use of visualized user interfaces and figures that 
provide an integrated view of analysis results.   

Even though these studies have proposed frameworks, methods, and techniques for 
extracting business intelligence from social media content, there is still a lack of practical 
social analytics. First, the methodology explaining the overall process of opinion mining is 
scarce and does not offer a practical guide for conducting social media analysis. For example, 
the MI2 framework omitted social networking sites such as Facebook and Twitter, and its 
analytics and outputs were not given in sufficient detail to use for practical analysis [3]. 
Second, the technical view's approaches are often technically complex and difficult for 
typical business users to understand and use. There is also a lack of figures, tables, graphics, 
and other visualized images to use for practical opinion mining. This is because the 
researchers usually focused on mathematical formulae and artificial intelligence methods in 
order to increase accuracy rather than present an overall process and visualized outputs. 
Finally, studies rarely attempted to use visualization with regard to opinion mining for social 
media analytics. Some studies proposed the use of visual layouts and user interface tools 
with integrated views; however, data were limited to customer reviews without social 
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content such as blogs and tweets [20]. In addition, visualization often included too much 
information to enable effective comprehension of analysis results [21]. In the real business 
world, in order to handle the large amount of complex social media content effectively and 
make prompt, timely decisions, analysis results must be presented in a simple, easy-to-
understand, and visual manner. To overcome the aforementioned weaknesses and fill gaps in 
the current research, this study proposes a comprehensive and practical approach to opinion 
mining from social media content. 

3. The Proposed Approach: Social Media Opinion-Mining Methodology 

As aforementioned, opinion mining is deployed to extract, classify, understand, and assess 
the opinions implicit in text content. Further, sentiment analysis is often used in opinion 
mining to identify sentiment, affect, subjectivity, and emotional states toward entities, events, 
and their attributes in such content [22], [23]. Therefore, a social media opinion-mining 
methodology should have processes that involve computational techniques to aggregate, 
extract, analyze, and present the sentiment and attitude of authors in social media content. In 
this study, we propose a methodology, shown in Fig. 2, for social media opinion mining and 
conduct this approach into a real business case.  

1. Connect to target social media channels and collect data from them 

2. Qualify the collected data using natural language processing 

3. Apply opinion-mining analytics to the qualified data set 

4. Visualize and present opinion-mining results  

 
Fig. 2. Overview of Social Opinion Mining Methodology 

 

3.1 Phase 1: Social Data Aggregation  
The first phase for mining social media opinion involves the choice of target social media 
channels and the collection of data from them. There are many kinds of online 
communication channel, and the ways to collect data differ depending on the type of social 
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media. For example, social networking sites such as Twitter and Facebook provide open API 
for accessing and gathering their data. Portal websites such as Yahoo.com and Naver.com do 
not support open API but an analyst can use search engine tools and techniques such as web 
crawlers, web scraping, and search engine robot software programs. In addition, social data 
can be purchased from social media data providers or obtained directly by applying 
database-to-database (DB2DB) interfacing modules to social media that allow data 
collection. Further, because data-gathering methods differ according to the type of social 
media, the nature of collected data also varies. Some social media data are stacked as log 
files in storage while others are managed in relational database. Basically, though, such data 
are unstructured text generated by users, the volume of which is considerable. In addition, 
social media are sometimes filled with too much noise such as advertisements and 
meaningless online emoticons that could distort opinion-mining results. A study had 
removed ninety percent of gathered tweet data through filtering in the research [11]. If the 
analyst neglects such garbage data, the results of social media analysis will not provide 
meaningful and useful business insights. Therefore, aggregated big data should be 
preprocessed in order to generate useful materials for meaningful analysis.  

3.2 Phase 2: Data Qualification for Analytics 
In the second phase, after aggregating the unstructured text data set, a rigorous data-
qualifying procedure using NLP should be conducted. NLP is a computational technique that 
manipulates, understands, interprets, and presents natural language text for linguistic analysis. 
In this phase, NLP is responsible for preprocessing activities: parsing sentences, removing 
disabled letters, extracting features, and tagging specific characters. For example, 
meaningless characters such as html tags, punctuation, numbers, and emoticons are 
eliminated. In addition, stop words, which are invalid words such as prepositions, pronouns, 
and certain words that are defined as worthless, are removed in this cleansing process. The 
subsequent qualified data is then transformed into an analysis data format such as relational 
data or structured data. The format includes manipulated text and identification information 
such as created date, author name, content identification, counts, reviews, and favorites. For 
example, in the R project software program, social media content can be extracted as list 
structured text data from a social data file and then exchanged and treated as list, matrix, and 
vector types. Following this, through NLP the qualified data are stored as a data frame 
structure combined with identification data. In addition, domain-specific lexicon resources 
such as a sentiment dictionary and stop words can be generated to improve opinion-mining 
accuracy.  

3.3 Phase 3: Applying Opinion-Mining Analytics  
The next phase applies various analytics to mine market intelligence and business insights. 
The qualified data set includes not only information from user-generated content but also 
various identification data. Depending on the purpose of the analysis, the analyst and 
researcher can select suitable mining tools. For example, topic extraction and buzz analysis 
are usually related to market trends analysis, which interests many people. On the other hand, 
sentiment analysis is utilized to evaluate the reputations of products, services, and companies, 
and applied to establish customer responses to marketing activities. If domain-specific 
language resources such as lexicons or thesauruses have been generated and used in this 
phase, the analyst can expect more comprehensive and reasonable results [17]. For instance, 
sentiment analysis results categorized by business domain-specific lexicons can provide a 
detailed map about the characters that are negative or positive.  
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3.4 Phase 4: Presenting Analysis Results with Visualized Deliverables 
The last and concluding phase of the methodology is to present opinion-mining results using 
visualized outputs such as graphs, tables, and matrixes. As aforementioned, many studies 
paid little attention to the effective and efficient communication of opinion-mining results to 
business users. However, effective visualization is able to explain a considerable portion of 
analysis results with an integrated visual figure that has no additional descriptions. Therefore, 
the major focus and purpose of this phase is to make results simple, clear, and easy to 
understand rather than complex and ostentatious so that business users can easily 
comprehend their meaning and use them for decision-making. For example, a tag cloud in 
topic analysis can visualize topic volume with an intuitive visible font color and size; a 
sentiment heat map can reveal customers’ positive or negative opinions by using two 
contrasting colors such as red and green; and a valence tree map can provide straightforward 
visualization by using both volume and sentiment in a hierarchical categorization.    

4. Analysis and Results  

To illustrate our proposed methodology, we conducted a case study of an instant noodle 
company, the SY Food Corporation, in South Korea. The market size of the instant noodle 
“ramen” business in Korea was over US$2 billion in 2013. In particular, SY ramen, a 
representative product of SY Food, was released as the first ramen in Korea in 1963 and is 
still ranked on the top 10 ramen list in terms of revenue according to AC Nielsen Korea.  

4.1 Data Collection and Preprocessing 
We collected 14,204 items of social media content including blogs, forum (café) messages, 
and media news articles from January 2012 to June 2013. The collected data were user-
generated text content together with author names, user IDs, release dates, URL addresses, 
etc. This content was gathered from online community websites such as Naver.com and 
Daum.com in South Korea with a web crawler that used a search keyword of a product name, 
"SY ramen." The types and volume of the collected data are shown in Table 1. 

Table 1. Types and Volume of Data Set 
 

18 Months Blogs (Naver) Blogs (Daum) Forum (Naver) News Others Total 
Volume 5,524 1,647 3,917 1,749 1,367 14,204 

Ratio 38.9% 11.6% 27.6% 12.3% 9.6% 100% 
 

According to Table 1, the volume of blogs from Naver.com, the foremost Korean portal 
website, was the biggest in the data set while the volume of news articles from mass media 
was relatively low. However, according to Fig. 3, which shows the movement of data 
volume along the time line, the volume of news rapidly increased in certain periods such as 
March and August in 2012 while the volumes of blogs and forum messages were relatively 
fixed. Thus, it could be said that online consumers revealed various interests and opinions 
about SY ramen, but media news articles responded significantly to social events such as 
government compliance and regulation.  
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Fig. 3. Data Volume by Social Media Source on a Time Line 

 

After gathering social media data, we generated domain-specific language resources such as 
a domain sentiment dictionary, and stop words for the instant noodle business. Since the 
Korean language does not have a public SentiWordNet for opinion mining, these tasks were 
conducted by following the opinion-mining model of [17], which generated a domain-
specific sentiment dictionary for stock market forecasts. Next, the qualified data through pre-
processing were applied into topic extraction, sentiment analysis, and other mining analytics. 
Before beginning them, if contents breakdown with subcategories, we can describe analysis 
results in more detail. In order to achieve a greater understanding of customers’ opinions, a 
study divided features of hotel reviews contents with room, service and price [20]. Such 
classification provides a frame that enables closer observation of social media volume and 
sentiment status from real business perspectives. In this study, we tried to classify the 
contents within general categories which consist of the four marketing Ps (product, price, 
promotion, and place), environment, and management of the instant noodle business.  

4.2 Sentiment Analysis  
From this section, we introduce the visualized opinion-mining outputs with a few statistics. 
The first output, as shown in Table 2, is the sentiment analysis result which reports volume 
and ratio of polarity: positive, negative and neutral. We can see positive sentiment ratio in 
whole content is around 26.5% and negative sentiment is about 11%. 

Table 2. Result of Sentiment Analysis  
 

Sentiment Count        %    
Total  14,204 100.0% 

 Positive 3,769 26.5% 

 Negative 1,574 11.1% 

 Neutral 8,861 62.4% 

Next deliverable, as displayed in Fig. 4, is a simple graph showing the movement in the daily 
averaged sentiment scores over the research time line. In this figure, the range for sentiment 
scores is between +1 (extremely positive) and -1 (extremely negative). Sentiment scores are 
almost all over 0 (neutral sentiment), which means that customers’ opinions are relatively 
positive.  
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Fig. 4. Daily Sentiment Flow  

To see whether the gap of sentiment exists between customers and conventional media, we 
divided the content source into user-generated content (UGC) such as blogs and forums and 
media-generated content (MGC) such as news article. According to T-test result, in Table 3, 
there was no significant difference between two sources.  

Table 3. Sentiment T-Test by Sources  
    Mean SD t p 
Sentiment UGC 0.159  0.138  -0.6936 0.488   MGC 0.143  0.506  

However, we can find that two social media sources show different movement in Fig. 5. The 
sentiment flow of consumer-generated content remains positive and stable area around a 
score of 0.2 with rare noticeable changes over time, but exceptional dropping points like 
March, 2012. Interestingly, this period was indeed a time of crisis for instant noodle 
companies because the Fair Trade Commission (FTC) in Korea imposed a US$100 million 
fine in that month as a penalty for price collusion among them. On the other hand, the pattern 
of media channel shows sharp fluctuations from extreme positive to negative. We can 
consider mass media sensitively reacts to social events rather than preference about the 
product.  

 
Fig. 5. Daily Sentiment Flow: UGC vs. Media News 
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4.3 Topic Extraction 
Fig. 6 presents a word cloud (or tag cloud) that extracted hot issues and high frequency topic 
keywords during the targeted period. The size of a word in the cloud reflects topic volume 
while color emphasizes the topic. Greater insight can be obtained from this type of word 
cloud; for example, Fig. 6 indicates that the most significant issues about SY ramen were 
“Penalty” and “FTC (Fair Trade Commission.” This is understandable since the FTC 
imposed a large penalty on instant noodle companies. Other significant topics were new 
products such as Ggoggomen™ and Nagasaki Noodle™ because these were highly 
successful and set new trends in the noodle market. Analysts and business users would 
expect these to be major issues for companies. 

 
Fig. 6. Word Cloud of Topic Extraction 

4.4 Feature Classification  
In Table 4, the feature classification result is reported with count and ratio of classified 
contents; mean and standard deviation of each category; the result of one-way ANOVA test. 
First, ANOVA test with sentiment score as the dependent variable and feature categories as 
the independent variable shows that sentiment among feature categories is significantly 
different (F = 99.12, p < .01). Comparing sentiment on categories, “soup” feature ranked the 
highest positive (m =0.437, sd = 0.637), and the rest ordered as price noodle, promotion, 
place, distribution, recipe, competitor, design, top management, material and environment.  

Table 4. ANOVA Test of Sentiment on Category 
No. Category    n Ratio Mean SD F p 

1 Soup  2,052 14.4% 0.437 0.637 

99.12 0.000* 

2 Price  471 3.3% 0.406 0.657 
3 Noodle 368 2.6% 0.266 0.599 
4 Promotion  780 5.5% 0.231 0.602 
5 Place  420 3.0% 0.210 0.581 
6 Distribution  79 17.4% 0.203 0.644 
7 Recipe  1,346 9.5% 0.195 0.551 
8 Competitor  2,054 14.5% 0.131 0.613 
9 Design  165 1.2% 0.079 0.492 

10 Top Mgmt  333 2.3% 0.030 0.584 
11 Material  766 5.4% -0.090 0.663 
12 Environment  481 3.4% -0.432 0.712 

* denote significance levels at 1 %, respectively 
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We can see the same result with a visualized output. Heat map, shown in Fig. 7, visualizes 
sentiment status with additional information by using hot and cold colors in a category and 
time matrix. In this grid, three colors (black, grey, and yellow) are used to present 
differences between negative and positive sentiments. Black indicates negative sentiment 
and yellow reflects positive sentiment. If the color of a cell in the grid is closer to yellow, 
this means that the cell has more positive than negative sentiment opinions. On the other 
hand, if the color is nearly black, the cell contains mostly negative sentiment. In Fig. 7, all 
soup category cells are close to yellow, thus intuitively suggesting that the consumer-
intimate opinion about SY ramen soup is generally very positive. In contrast, some cells in 
the material, management, and environment categories are mostly in black, indicating 
potential problems and a need for the company to pay more attention to these areas.  

 
Fig. 7. Sentiment Heat Map on Categories  

4.5 Tree Map consisting Volume and Sentiment 
Heat maps show the density of either volume or sentiment according to categories over a 
series of periods, whereas tree maps present both volume and sentiment at the same time. 
Thus, a valence tree map, one of the most comprehensive and holistic visualization modes, 
can be very helpful for analysts and decision-makers because it enables them to understand 
the “big picture” of a business situation quickly alongside a hierarchical structure. A simple 
glance at such a map detects areas that are weak, strong, positive, negative, quiet, or loud.  

  
Fig. 8. Tree Map: Hierarchical View 
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As revealed in Fig. 8, in March 2012 SY Food faced very negative sentiment according to 
the buzz related to “penalty,” “unfair,” and “fine” in the management and environment 
categories, thereby affecting the company's reputation adversely. However Fig. 8 also shows 
that the negative sentiment in social media had calmed by March 2013 and the crisis had 
passed. In addition, the map shows that the most significant interest about the instant noodle 
ramen is product features such as soup taste, noodle and recipe.   

5. Conclusion 

Social media, such as online communities, forums, blogs, and social networking sites, have 
rapidly become important new communication channels between customers and companies. 
They continuously generate a large amount of unstructured text data called social media 
content, social data, or social media data. Social media content that contains customers’ 
opinions and interests is recognized as valuable material from which businesses can find 
useful information. Thus, many researchers have investigated opinion-mining frameworks, 
methods, techniques, and tools for mining business intelligence in various industries. These 
studies focused on how to use opinion mining in specific business fields; explored methods 
to analyze data and achieve results with greater accuracy; and considered visualization tools 
to enable users to understand data more easily. However, such approaches are often too 
technically complex and insufficiently user-friendly to help with business decisions and 
planning. To overcome these problems, we attempted to formulate a more comprehensive 
and practical methodology for social media opinion mining and applied this methodology to 
a case study of the oldest instant noodle product in Korea. We also presented graphical tools 
and visualized outputs that included volume and sentiment graphs, a business domain-
specific lexicon, a topic and issue word cloud, a volume heat map, a sentiment heat map, and 
a valence tree map with a hierarchical structure. Our resources came from public domain 
social media content such as blogs, forum messages, and news articles, and we analyzed the 
data with the NLP, statistics, and graphics packages in the freeware R project environment. 
The resources and tools used here can be adopted easily by businesses for their market 
intelligence operations.    

Our study has several implications and contributions. First, our proposed methodology is 
practical and comprehensive because our approach covers the entire cycle of opinion-mining 
activities from initial data collection to the final visualization of social media opinion mining. 
In this regard, we illustrated the whole cycle by applying the methodology to a case study of 
a Korean instant noodle company. Second, the various visualization outputs we presented 
with real social media content could serve as real-world examples of our approach for 
potential adopters who are considering the use of opinion-mining analytics in their business 
environments. Third, we believe that our approach can provide a practical and reliable guide 
to opinion mining with visualized results that are immediately useful not just in the food 
industry but in other industries as well.  

Nonetheless, our study has several limitations. This paper focused on opinion-mining 
methodology to analyze social media content and used a case study of just one instant noodle 
company. In addition, our research used social media content such as blogs, café (forum) 
messages, and news articles in the blogosphere but did not use social networking sites such 
as Twitter and Facebook. Although social networking sites have a great deal of garbage data 
and private chat, the opinions contained in crowd buzz can help to identify quickly the 



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 9, NO. 1, January 2015                405 

hottest topics and the source of “big mouths.” Thus, in future research, we plan to include 
several competitors from the same market and reveal competitive intelligence in the dynamic 
social media world. In addition, we will attempt to apply our approach to other domains such 
as health care, entertainment, finance, and education. Because each industry has a unique 
culture and structure, the analysis results and interpretations are likely to vary according to 
the domain.  
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