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Abstract 

Sentimental Analysis as a Viable 
Substitute to Surveys 

Eun Gyo Joung 

Technology Management, Economics, and Policy Program 

School of Engineering 

Seoul National University 
 

Sentimental analysis in the Korean language does not deliver ideal results due to the lack 

of data and unavailability of a high functioning Korean language model. However, with the 

rise of modern statistical artificial intelligence, numerous studies have been using this 

methodology to analyze various topics. Sentimental analysis is a field within natural 

language processing specializing in determining what emotion a comment express. This 

research aims to propose a framework that can be used to perform sentimental analysis and 

automate the process of looking into the public opinion of people. Public opinion polls 

usually have a question that can be answered with “yes” and “no”. Since sentimental 
analysis shows high accuracy in determining whether a comment depicts a positive or 

negative emotion, they can be a viable way to aid the process of determining public opinion 

in big data.  

To test the hypothesis that this paper’s automated sentimental analysis framework can be a 
viable substitute to surveys, 260 public opinion survey results that had been conducted by 

professional institutes were used to see how similar the two results are. Cosine similarity 

was used to compare the two results, and the results showed that 160 out of 260 expert 

surveys had an accuracy above 90%. Another interesting finding showed that the more 

expert survey results had a low similarity for each year elapsed.  
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These results suggest that the paper’s automated sentimental analysis framework can 
indeed be a viable substitute to public opinion surveys as long as the answers to the question 

is a “yes” and “no”. This framework is especially useful for future research because results 

show that the proposed framework shows high similarity to existing expert public opinion 

survey results. 

 

Keywords: AI, Sentimental Analysis, survey, public opinion, automation, Natural 

Language Processing 

Student Number: 2020-28439 
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Chapter 1. Introduction 

 

1.1.1 Implementing AI into Social Science 

There has been a long-standing interest in implementing AI in various fields because 

machine learning has shown paradigm changing results like the AlphaGo. Numerous 

papers emphasize the importance of integrating AI into social sciences, like Adapting 

computational text analysis to social science (DiMaggio, 2015) and Natural Language 

Processing for the Social Sciences (Ribeiro, 2013). One reason why integrating AI into 

social science research is that it can solve potential bias problems that occur during surveys.  

According to papers like A catalog of biases in questionnaires (Choi, 2005) and Response 

Biases in Standardized Surveys (Bogner, 2016) raises some potential bias that can affect 

survey results. Response Biases in Standardized Surveys also suggest that surveyed people 

might not give accurate responses due to the cognitive effort required for a more thorough 

response. There can often even exist bias in the survey questions, which further contributes 

to an inaccurate representation of the world being integrated into the experiment model.  

1.1.2 Automated Response System Surveys 
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ARS is short for Automated Response System; these forms of surveys are called Automated 

Call Menus in the United States. These automated telephone surveys are often utilized to 

get the public opinion of people. There is an institute in Korea called Realmeter specialising 

in ARS surveying since it is difficult for individuals who are not experts to perform public 

opinion surveys independently. Realmeter performs on average 7 to 8 public surveys every 

week. The media tends to choose interesting survey results done by Realmeter to make 

their articles. The credibility of ARS polls is questionable due to having a small sample size 

of 500 to 700 answers per question.  

Another reason ARS polls might not be credible is that not even one out of 10 surveyed 

people actually answer the questions (Heo, 2016). These institutes usually call about 35,000 

households but can only get around 600 responses. Moreover, ARS polls are not able to ask 

diverse or specific questions. This is because these surveys tend to oversimplify complex 

problems to increase response rates. This can lead to fatal errors in determining objective 

public opinion. 

ARS methodologies are not even included in textbooks on surveying. While there may be 

several reasons for that, the biggest reason is due to having a low response rate. Even 
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telephone surveys done by people have a response rate of 30%, while ARS polls have less 

than 10%, hence it is difficult to determine general public opinion (Hwang, 2011).  

Performing traditional methods of manual telephone surveying might seem like a solution 

for this credibility problem for automated telephone surveys, but this is still difficult due to 

their high cost. According to the survey industry, a survey needs 2000 respondents to 

perform a proper survey in one area. Due to the difficulty, two survey institutes usually 

divide the workload and perform 1000 each individually. A survey requires about 1700 won 

per person making the whole cost for a survey around 3400,0000 won (Yu, 2016). 

In addition, the extraction cost for each security number suggested by the mobile operator 

is 330 won, and considering that 30,000 to 40,000 samples are usually extracted, it takes 

an additional 10 million won just to receive the security number. Therefore, the cost of an 

opinion poll in one area alone is more than 40 million won if you consider this additional 

cost.  

 

The reason why ARS polls are still being utilized is because an ARS poll costs only around 

10% of what it costs to perform a telephone interview survey. This means that an average 
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of 10 million to 15 million won is spent for a telephone interview with a thousand people, 

while it would only cost 2 to 4 million won for an ARS survey (Jang, 2021).   

1.1.3 Difficulties in Korean NLP 

The advancement of performance from recent artificial intelligence has shown promising 

results. However, despite this leap in advancing artificial intelligence technology, there is 

still a lack of AI research related to the Korean language. 

Early communication between computers and humans was achieved with binary code so 

that computers could comprehend the communication in a simplified manner that is more 

suitable for computers to understand. Soon after, a high-level computer programming 

language called Assembly had been developed so that humans could communicate with 

computers with more ease. However, even though communication with computers became 

easier with each new computer language, they are still a big inconvenience due to its lack 

of intuitiveness. Due to this problem, researchers in IT have been attempting to 

communicate with computers using natural language. 

Natural Language Processing (NLP) is a technology that aids the interaction between a 

computer and human. It is one of the core technologies of artificial intelligence. Statistical 
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natural language processing techniques based on machine learning using a large amount of 

corpus data were mainstream even in the early 1990s (Song, 1997). The introduction of big 

data has allowed natural language processing to be further advanced with recent deep 

learning and natural language processing technologies. However, big data and language 

models are still being actively researched and developed around the world to be extracted 

and utilized to obtain meaningful information. 

According to US market research firm Tractica, NLP software, hardware and services 

market will grow to $2.1 billion by 2024. 

Accordingly, an AI language model BERT, which was unveiled by Google showed 

superior performance than any language model before. This is because BERT is the first 

system to interactively perform a natural language processing task without any further 

training. This is considered an important feature because a considerable amount of plain 

text data on the web is available in multiple languages (Chang, 2018). 

A corpus is a dataset with a group of word and text data formatted to be easily readable 

for a computer. The greater the size of a language data corpus, the higher the accuracy of 

natural language that the language model can understand. So, the performance of a 
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language model depends on how much data is available for the language model to learn 

from. 

As a result, countries around the world are promoting businesses that build these big 

language datasets to have some national competitiveness. Japan is building 15-billion-

word corpus, China a 30 to 80 billion one, and the US a 30-billion-word corpus. Big 

language data is required to develop applied solutions with AI. Despite the importance of 

big data in language, Korea has less than 1% of its major competitors. 

In Korea, the government has been building the ‘Sejong Corpus’ through the ‘21st 

Century Sejong Plan’ since 1998. However, the business has been suspended since 2007. 

Recently, the government decided that it was necessary to establish Korean language data 

for the development of core AI technologies such as natural language processing. 

Therefore, from 2017, the National Institute of the Korean Language (NIK) has set up a 

budget of 20.4 billion won for corpus building. NIK has been working on a project to 

build a corpus of 1-billion-word corpus. 

Korean natural language processing technology is very difficult because of some of the 

characteristics of the language itself. English words are separated by spacing, a word can 
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sufficiently express one meaning. However, Korean consists of morpheme units and word 

units, making it more difficult to differentiate where a word begins and ends. Properties 

representing the relationship between a word and a sentence are defined but there are no 

properties that could express the relationship between a word or phrase and a sentence 

(Seo, 2014). Furthermore, there are four characteristics that make it difficult for 

computers to understand Korean.  

First, Korean also has the characteristic of an agglutinative language in which affixes are 

attached to stems to form words, and meaning and grammatical functions are determined. 

This is why there is an occurrence of meaning according to the addition of affixes. For 

example, suppose you want to make a sentence by adding the word 'apple' and an affix in 

Korean. When 'apple (stem)' + 'a (affix)', 'apple' becomes the object, but when 'apple 

(stem)' + 'a (affix)', 'apple' becomes the subject. Therefore, it can be seen that the 

grammatical function can be different even in the same language.  

Next, in Korean, even when the order of words within a sentence is changed, the 

expression can still stay consistent. Even with change of word order, the sentence is still 

correct without grammatical errors. Although this characteristic makes it convenient for 
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humans to use, it is difficult for computers to accept these grammatical fluidities. 

Third, there is an ambiguous spacing rule. The concept of 'spaces' did not exist in oriental 

languages until modern times. Spacing was established in the Middle Ages in Western 

languages, which helped the languages form a more concrete rule for spacing. Although 

Korean has set spacing rules for spelling, Koreans often do not abide by them. This is 

because Korean is not that difficult to read even with 0 spacing. But this convenience for 

humans is a problem for computers since it is difficult for a computer to accurately 

recognize texts that have been written in unspaced chunks (Kim, 2015). 

Finally, Korean is a high context culture which makes the language context dependent as 

well. In anthropology, there is a concept of high-context culture and low-context culture. 

When communicating in high-context cultures, not everything is expressed via the 

language itself. In low-context cultures on the other hand, direct communication is carried 

out explicitly through language (Choe, 2014). The United States and Germany are prime 

examples of low-context cultures, while Korea and China are representatives of high-

context cultures. In addition, the Korean language has more difficulties in natural 

language processing because it is free from omissions and inversions between sentence 
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elements compared to other languages. 

However, the biggest problem of all is that there is not enough Korean data to make up 

for these complicated characteristics of Korean. For example, Korean data accounts for 

about 0.3% on the Common Crawl web data. 
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1.2 Background 

Natural Language Processing NLP 

The field of natural language processing used to be focused on finding all the set of rules 

for a certain language so that computers could formulate sentences but soon came to a halt 

after realizing that there are too many exceptions in languages that making a formula that 

includes all of them is essentially impossible. Natural language processing is now a subfield 

inside deep learning. What makes deep learning different is that it used big data of language 

to make a statistical model of language automatically. There is no way to know exactly 

what is happening inside the model but the results prove to be much more accurate than 

models that were preciously manually made by humans. 

NLP is one of the most difficult fields within deep learning because of such complexity of 

language. However, recent breakthroughs have helped NLP gain momentum and advance. 

The first breakthrough was finding a new way to analyze text besides RNNs (Recurrent 

Neural Network). RNNs used to be the most accurate in text analysis but because of its 

recurrent nature, it was very slow. A new method that used LSTM came out and that later 

advanced even more into Transformers. Transformers are currently the backbone of the 
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state-of-the-art NLP language models such as BERT by Google and GPT by OpenAI.  

The bias phenomenon mentioned in the introduction above is one of the reasons why there 

are voices in this field stating that integrating new technologies like NLP is important in 

order to get more accurate and transparent results. This field is challenging because 

language usually does not follow a strict set of rules because it has several special-case uses 

of grammar or rules. However, that is why there are NLP language models that are 

specifically designed for certain tasks. 



 

 

12 

1.3 Purpose of Research  

Past research that has utilized web crawling and NLP instead of using traditional surveys 

like Understanding Weekly COVID-19 Concerns through Dynamic Content-Specific LDA 

Topic Modeling (Zamani, 2020) have shown promising results. However, this methodology 

still remains highly inaccessible due to the high minimum requirements needed like 

statistics, calculus, and Python coding. 

Web scraping services like Scrapestorm exist and is provided for 49.99$ a month, NLP 

websites do not yet exist. There are not yet any general algorithm frameworks provided 

with low accessibility for researchers not familiar in AI or computer science. 

As yet, there is no accessible tool designed to address this bias problem with NLP. So, this 

research will try to develop and provide a useful tool for researchers so that anyone can 

utilize state of the art technology implemented research methods. This could save time for 

researchers that are not familiar with computer science. 

The goal is to make an algorithm framework that is accessible for anybody so that they can 

integrate AI and NLP into their research without investing additional time into learning 

from the ground up. The current inaccessibility for NLP integration in social science 
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researches is very high. Since there are no websites like Scrapestorm provided for 

researchers that need to use NLP, my goal will be to design a methodology or framework 

that will make it much more accessible for researchers that are inexperienced in engineering.  

The framework provided in this research will offer transparency as well as accessibility and 

efficiency to future research. This will enable people and researchers to access information 

more easily which will ultimately increase participation in activities due to increase in trust. 

In order to make this possible, the algorithm will be divided into two; the web crawler, the 

natural language processor.  

Web Crawler 

A web crawler is a program that can scrape the text data from a page of a website. Although 

there are already some websites that offer this service, they are not free, nor are they able 

to web crawl specific parts of a webpage. Furthermore, a single web crawling chunk of 

code can only extract from one kind of format. This means that programing a web crawler 

for every website is needed. Although adding support to all popular sites might be useful, 

one curated website which is YouTube will be crawled for this research. This is because the 

web crawling is not the central element of the research and it is also currently possible to 
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web crawl with websites like Scrapestorm.  

NLP 

NLP is not a single entity so there are also various frameworks and algorithms for word 

processing. Each algorithm in this field also has its own specialty and use. For example, 

GPT (Generative Pre-trained Transformer) and BERT (Bidirectional Encoder 

Representations from Transformers) are some of the most accurate deep learning language 

models for sentence generation. However, a sophisticated model does not necessarily give 

the best results for every application. Some applications like topic analysis or sentiment 

analysis may be done by analyzing the frequency of words within a chunk of words.  

As of now, supporting some general NLP models that can be swapped between each other 

is the goal so that researchers can find and use the most appropriate for their research.  

Python, TensorFlow, and Pytorch 

Python is a programming language that puts emphasis on code readability and that has 

helped programmers write clear, logical code. The simplicity compared to other 

programming languages has increased its popularity and is now currently the most used 

programming language as of 2021. This is why most machine and deep learning 
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frameworks like TensorFlow and Pytorch are also mainly supported through Python. 

TensorFlow was made by Google and Pytorch by Facebook. TensorFlow used to be the 

most sought out machine learning framework but Pytorch has recently surpassed in 

popularity due to more customization features. However, both still remain the most 

prevalent machine and deep learning frameworks in the market.  

 

Figure 1. Comparison of TensorFlow and Pytorch in 2020 



 

 

16 

Chapter 2. Literature Review 

 

2.1  Computational Text Analysis in Social Science 

As papers like Adapting computational text analysis to social science (and vice versa). Big 

Data & Society (DiMaggio, 2015) suggest, that many people conclude that the social 

science field needs to implement and utilize these new technologies for future research. 

 There are some research like Understanding Weekly COVID-19 Concerns through 

Dynamic Content-Specific LDA Topic Modeling (Zamani, 2020) that utilize NLP for their 

research. They use context modeling on social media data to see what people are mostly 

concerned about in a certain period.  

There is an increasing demand for these techniques in the field; hence interdisciplinary 

courses are being made. However, building the same structure from the ground up 

individually for each research is a waste of resources and time. This is because the 

algorithms each research uses are similar, at least the framework is similar. 

While past research has shown the performance of NLP driven data analysis, it is not yet 

known if it can partially replace surveying required in various fields of research. The 
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accuracy of an NLP driven data analysis directly from the web is also a theme that needs 

investigation because while papers like Movie Reviews Classification Using Sentiment 

Analysis (Dwivedi, 2019) can demonstrate relatively accurate results of how people feel 

towards a movie, there might be more bias in other topic threads. 

2.2  Natural Language Processing Research in Korean 

One of the biggest problems with NLP in Korean is that there is a lack of public datasets 

that are in Korean. This is why studies that make datasets or Korean NLP tools are so rare 

and precious. For example, a study done from Postech developed a large-scale dataset that 

consists of approximately 58000 comments (Hyun, 2020). However, even though this was 

a welcome public resource to Korean NLP, the subject of the dataset was limited to the 

automotive industry.  

Although studies that use Korean sentimental analysis are rare due to the lack of data, some 

noticeable research was still done. A study that was able identify which ramen was the 

market leader using text data (Kim, 2018). A study that could predict stock prices (Kim, 

2020) from data collected from stock discussion rooms on Naver. This study was able to 

predict the direction of change of stocks with an accuracy with over 50%. A study that 
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calculated how reluctant the public is about the vaccine (Shim, 2021). The public’s 

anticipation, disappointment, and fear regarding vaccinations. 

A more recent study uses sentimental analysis to find out how people feel about 

telemedicine during the recent pandemic (Kang, 2022).  

2.3  History of Language Models 

Language processing used to be done on neural networks, the main one being 

Long short -term memory or LSTM architecture since its introduction in 1997 (Hochreiter, 

1997). This architecture is different from other neural networks in the sense that it is 

capable of analyzing the context of a sentence due to its recurring architecture. The 

downside of this architecture was that it was slow due to its inability to be able to analyze 

language in parallel.  

This problem was solved by transformers. Transformers were first called as 

“attention” when first introduced in the paper Attention is all you need (Vaswani, 2017). 

This new architecture was able to perform parallel calculations while even being more 

context-aware. Since this context-aware mechanism puts more attention on words that are 

most relevant in a sentence, it was able to more accurately understand natural language. 
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 The next evolution of language models came from two separate research; 

Bidirectional Encoder Representations from Transformers (BERT), Generative Pre-trained 

Transformer (GPT). BERT was developed by Google and its bidirectional architecture 

enables it to be even more context aware than its predecessor (Devlin, 2018). GPT was 

developed by OpenAI and their approach was to input a big language dataset to make it 

accurate instead of making changes to the architecture like BERT. OpenAI has now 

developed its third generation GPT3. GPT3 is a massive language model with about 175B 

parameters. It was trained on about 45TB of text data from different datasets making it the 

biggest language model of the time (Brown, 2020). GPT3 had used a common-crawl 

dataset that included almost all the text data available on the internet.  
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Chapter 3. Methodology 

3.1  Research Method 

The paper proposes a comparison analysis of the results of a sentimental analysis and the 

results of an already existing public opinion survey on a certain topic. 

Public opinion surveys done in the Korean language are found and manually organize the 

questions in an excel file. The category of questions mainly chosen for the analysis is on 

the public opinion of certain policies or on political figures.  

3.2  Tools used for Experiment 

The code used for this experiment was done in the Python programming language. The 

language model used for the sentimental analysis was a type of transformer called BERT 

For Sequence Classification.  

3.2.1 Required Equipment 

A dedicated GPU is required in order to use Deep learning frameworks like TensorFlow or 

Pytorch. My current PC uses a computer with the following components.  

o CPU: 3900x  

o Mainboard: ASUS TUF Gaming X570-PLUS (STCOM) 
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o GPU: RTX 2080 Ti BLACK EDITION V2 O 

o Power: FOCUS GOLD GM-850 Modular  

o RAM: Samsung DDR4 PC4-19200 

o SSD: Samsung 970 EVO PLUS M.2 NVME 1TB SSD MZ-V7S1T0BW 

o CPU cooler: BravoTech NZXT Kraken X63  

While these components are not essential for researchers who want to replicate the research, 

it is recommended because a powerful computer will mean that the algorithm will learn in 

much less time. The GPU is the most important component for deep learning algorithms. 

The deep learning frameworks like TensorFlow and Pytorch are designed to be used on 

GPUs. An algorithm can take up to a full week to learn on computers like this, according 

to how complex the results are. 

3.2.2 Selected Language Model: BERT 

BERT stands for Bidirectional Encoder Representations from Transformers (Chang, 2018). 

This language model that used a transformer was made by google.  
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Figure 2. Transformer’s attention mechanism visualization 

A transformer is a mechanism that uses “attention” to be more aware of the relevance of 

words within a corpus of text data. As illustrated in the figure above, the attention 

mechanism of transformers makes the language model more context aware hence 

increasing its accuracy. 

What makes BERT special is that it uses a bidirectional architecture for its transformers, 

making them faster and more context aware. This research uses KoBERT that has been 

made to be able to perform natural language processing in the Korean language.  

3.2.3 Naver Movie Review corpus 

The Naver Movie Review corpus dataset was made by scraping reviews from Naver 

Movies. The corpus has 200,000 reviews within it. The corpus excluded neutral ratings of 
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movies (5 to 8), while negative reviews scoring from 1 to 4 were included in the data as the 

same ratio as positive reviews scoring from 9 to 10. 

 

Figure 3. Naver movie review corpus dataset 

The reason for choosing this dataset is because it is the biggest and most widely used dataset 

used for Korean sentimental analysis. This movie review comment dataset has a variety of 

comments that each even has a score labeled with the comment, making the corpus a viable 

sentiment indicator.  

Before performing sentimental analysis on the web crawled text data, the model needs to 

be trained. In order to train the model, the Naver Movie Review data was used. The Naver 

Movie Review dataset has 200000 movie review data within it.  

Data Division for training language model 

o Train: 135000  
o Trial: 15000 

o Test: 50000 
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In order to effectively train the model, the dataset was divided into three sets in order to be 

used to train, trial, and test the model. This is a formal procedure when training a deep 

learning AI.  

The reason why the Naver movie review dataset is the most commonly used dataset for 

Korean sentimental analysis is not just because it is the one of the biggest public datasets 

but also because the comments within a review of a movie show much more various 

emotions along with actual number ratings that reflect that emotion. This is why it can be 

applied to other topics other than movie reviews. In studies that research emotions on 

sentences, Naver sentimental movie corpus (NSMC) dataset is typically used to train BERT 

language models (Kim, 2020). Since Reviews includes both rating and sentences, NSMC 

can help the language model evaluate if a sentence is positive or negative (Lee, 2020). 

3.2.4 Data Extraction Platform 

The platform chosen to extract the data from is a video sharing social network called 

YouTube. As data for comparing through emotional analysis, keywords from the pre-

collected public opinion polls were searched on YouTube and extracted. Social networks 

have become the main channel for public communication. Articles written on social 
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networks have the characteristic that they contain a lot of emotions (Kim, 2019). The 

userbase of social networks are the main sources of information production and 

consumption. The distribution of smartphones has made it possible to produce and share 

information in real-time on social networks (Bae, 2013). Therefore, information produced 

through social networks is suitable for determining the behavior patterns of users as well 

as social trends (Lee, 2013). YouTube has 43.19 million users in Korea as of 2021, which 

is more than 80% of the total population (Mobile Index,2020). The average monthly usage 

time is about 30 hours. According to Oxford Economics, a global economic analysis agency, 

there were 5,500 Korean YouTube channels with more than 100,000 subscribers, and more 

than 500 Korean YouTube channels with more than 1 million subscribers as of 2021 (Kim, 

2021). This is why YouTube is a suitable candidate for this experiment to extract Korean 

text data on various subjects. 

3.2.5 Predict Sentiment 

A class was made to calculate the probability of a text data of whether it was positive or 

negative.  

After the training is done the sentiment predicter would classify a positive text data as 1 
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and would classify a negative text data negative as 0. The sentiment predicter has two 

outputs; score_negative and score_positive which is the probability of the text data being 

positive (1) or negative (0).  

There are three inputs for the following class; model, tokenizer and sentence.  

The model input is the output of the trained language model. The tokenizer divides raw text 

data into small chunks of words or sentences. The sentence input is the crawled text data.   

3.2.6 Link crawler 

A class was made to fetch multiple URL links of the inputted keyword or question when 

searched on the video social media website. This is needed to web crawl the comment data 

within each URL. This step is needed in order to automatically navigate through multiple 

posts at once. One URL can have a number of comments ranging from zero to even millions 

so a URL must be first fetched before crawling the comment data.   

Each page of the search result has approximately 20 URL links. There is a variable that can 

control the number of pages being fetched by the URL crawler. There are 5 variables within 

this class; url, output, limit, language, and sort option. 

 Function of each variable 
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o url: Saves URL links within a data frame for later text crawling 

o output: Sets the output path on the computer 

o limit: Sets the limit for how many comments can be crawled for each link 

o language: set language (default set to Korean) 

o sort option: Sets search results to be sorted by popularity or the latest 

The limit variable can be useful if a certain topic has too many comments on each URL and 

hence takes too much time to crawl the text data. One language model can only identify 

one type of language so the language used must be defined. This variable can be useful 

when supporting more languages in the future. The sort option can be used to find more 

time relevant comments if a certain topic is relatively old.  

This link crawler class outputs a single text file containing all the crawled comment data 

of a certain topic. This process can be seen visually in figure 4. 
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Figure 4. Comment data search and extraction process 

After the web crawling and sentimental analysis process is all done the positive score and 

negative score is averaged and outputted with a graph. 

The sentimental analysis process framework can be organized as in figure 5.  

 

Figure 5. Sentimental analysis process Framework 

The next part is comparing the sentimental analysis with already existing public opinion 

survey data. The survey data is read by the code and compared with the sentimental analysis 
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result with the same public opinion question.  

In order to calculate how similar, the sentimental analysis results are to the actual public 

opinion, a public opinion survey dataset was manually made and formatted in Microsoft 

excel. 

3.2.7 Cosine similarity 

Cosine Similarity is a used in NLP to compare data. There was a paper published in 2021 

Natural language processing to identify the creation and impact of new technologies in 

patent text (Arts, S,2021) where cosine similarity is used to show that the control group 

and the comparison group are quite different. For two values A and B, the cosine similarity 

can be expressed as follows. 

 

Equation 1. Formula of cosine similarity 

Similarity comparison has traditionally been a key part of database and web search, but 

with the advent of large amounts of data, it has since been actively studied in various fields 

not only to improve accuracy but also to increase efficiency (Kim, 2017). Cosine similarity 
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methodology was chosen to compare the results for measuring the similarity between the 

public opinion dataset and sentimental analysis output dataset. Cosine similarity is widely 

used as a comparison methodology because of its utility in comparing vectors in high-

dimensional space. This is the reason why cosine similarity is used in various fields such 

as information search, shopping basket analysis, bioinformatics, and identification of 

similarity in comments (Kim, 2014). 

 

Figure 6. Cosine similarity visualization 

Cosine similarity refers to the similarity of two vectors that is calculated by using a cosine 

angle between two vectors. The cosine similarity for the two resulting values can be 

measured by considering the given value on the vector space model as a vector and 

obtaining the distance between the two vectors and the cosine value (Mihalcea, 2011). 

This formula was implemented into code using the cosine function within the Scipy 

library. The following is the pseudo code for the formula implemented into code. 
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Cosine Similarity = 1 – cosine (sentimental analysis [pos, neg], public opinion [pos, neg]) 

The reason cosine similarity is adequate for determining the accuracy for this experiment 

is because comparing two ratios is like comparing two vectors. This process in this 

experiment’s context can be seen in the following example.  

Let us turn a public opinion (positive: 63. Negative: 37) and sentimental analysis 

(positive: 60. Negative: 40) into two vectors; 𝐴 (63, 37) and �⃗⃗� (60, 40). After turning 

these two into vectors, the comparison is more intuitive like in figure 7.  

 

Figure 7. Comparing two vectors  

3.2.8 Euclidean Similarity 

The Euclidean distance or Euclidean similarity is a very simple method of obtaining the 

distance between values.  

The formula for calculating Euclidean distance is as follows: 
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Equation 2. Formula of Euclidean similarity 

Contrary to cosine similarity, a smaller output determines how similar two values are in 

Euclidian distance. However, Euclidean distance has the following drawbacks because it is 

obtained by measuring the direct distance of two values; distance measurement depends on 

the unit of measurement of the selected variable, Euclidean distance measurements do not 

take into account variability in variables, so it tends to ignore the correlation between 

variables.  

3.3 Data Gathering 

Recently, big data mining has been emerging as a way to supplement and further replace 

the limitations of existing social science research methods. Major social issues and changes 

in social phenomena that can be difficult to accurately identify through public opinion or 

surveys can now be identified through big data analysis. In other words, data mining is 

emerging as a social science methodology that can replace current quantitative methods. In 

addition, qualitative methods such as Delphi surveys, expert interviews, public opinion 
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surveys and statistical processing have certain limitations in that it is difficult to exclude 

participants' prejudice. 

Moreover, considering that it takes a considerable amount of time and money to conduct a 

Delphi investigation from preparation to processing the results of the investigation, big data 

mining is considered useful in several aspects. The ultimate goal of this study is to 

supplement and overcome problems and limitations of existing social and scientific 

methods. In other words, this study was carried out to recognize the limitation of 

subjectivity of public opinion surveys in screening the current problems of society and 

develop an objective method to supplement them. 

The data curated for this research was chosen so that the questions of public opinion 

surveys had only two outputs which is proposition and opposition of a given topic. There 

was a fairly small amount of Korean data publicly available that fit the criteria of having 

only two outputs; proposition and opposition of a given topic. Since public opinion data 

was fairly limited, objectivity was the main focus when choosing and collecting the 

proposition and opposition of a given topic. Public opinion polls that seemed biased were 

manually removed in order to ensure better results. 
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3.4 Data Arrangement 
Public opinion topic Source Date Positive Negative 

윤석열 대선 후보 지지율 TBS뉴스 2022-02-07 53.73 46.27 

반려동물 키울까 세계일보 2020-10-20 31 69 

흉악범죄자 사형 데일리한국 2019-06-17 53.08 46.92 

공수처 설치 서울신문 2019-10-30 64.6 35.4 

2차 재난지원금 지원 이데일리 2020-06-04 55.91 44.09 

조국 임명   시사위크 2019-09-04 47.23 52.77 

최저임금 인상 경남뉴스 2018-12-20 49.83 50.17 

청소년 방역패스 도입 SBS뉴스 2021-12-11 40.38 59.62 

공중목욕탕 스마트폰 반입  미디어와이 2017-03-03 46.6 53.6 

Table 1. Public opinion data 

The collected data was organized like the table above; public opinion topics, the source of 

the public opinion, and the date of the poll recorded. This information was organized so it 

could be used as variables for further experiments.  
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Chapter 4. Result and Analysis 

4.1 Result 

There are three limit variations for collecting comment data for each post on the web for a 

search word; 50 comment limit, 1500 comment limit, and no comment limit. 

The following section is the analysis result of the sentimental analysis and the pre-

collected 260 public opinion survey data. The result of the cosine similarity of the 

sentimental analysis result and the same public opinion can be seen throughout figure 8 to 

10.  

 

Figure 8. Result of cosine similarity with 50 comment limit 
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Figure 9. Result of cosine similarity with 1500 comment limit 

 

Figure 10. Result of cosine similarity with no comment limit 
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The graph above shows the result of how similar the sentimental analysis results are to 

actual public opinions. Each public opinion topic is stored in the keyword index and is the 

x axis in the graph above. The y axis is the cosine similarity score. 

The closer the cosine similarity score is to 1.0, the closer the sentimental analysis is with 

the public opinion. The results between (0.9, 1) cosine similarity are marked in blue, (0.8, 

0.9) in green, (0.7, 0.8) in yellow, (0.6, 0.7) in purple, and (0.5, 0.6) in gray. 

Cosine 
similarity 

(0.5, 0.6) (0.6, 0.7) (0.7, 0.8) (0.8, 0.9) (0.9, 1) 

Ratio 3.4% 2.3% 12.2% 20.3% 61.7% 

Table 2. Ratio of results on cosine similarity results with 50 comment limit 

Cosine 
similarity 

(0.5, 0.6) (0.6, 0.7) (0.7, 0.8) (0.8, 0.9) (0.9, 1) 

Ratio 2.69% 3.46% 15% 17% 62% 

Table 3. Ratio of results on cosine similarity results with 1500 comment limit 

Cosine 
similarity 

(0.5, 0.6) (0.6, 0.7) (0.7, 0.8) (0.8, 0.9) (0.9, 1) 

Ratio 5% 2.69% 11.92% 18.08% 62.31% 

Table 4. Ratio of results on cosine similarity results with no comment limit 

The result throughout table 2 to 4 show that a majority of the sentimental analysis results 

are within the (0.9, 1) section.  

The result of the Euclidean similarity of the sentimental analysis result and the same public 

opinion can be seen throughout figure 11 to 13. 
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Figure 11. Result of Euclidean similarity with 50 comment limit 

 

Figure 12. Result of Euclidean similarity with 1500 comment limit 
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Figure 13. Result of Euclidean similarity with no comment limit 

Euclidean 
similarity 

(0.0, 0.1) (0.1, 0.2) (0.2, 0.4) (0.4, 0.6) (0.6, 0.8) (0.8, 1.0) 

Ratio 22.69% 22.3% 26.92% 23.46% 4.61% 0% 

Table 5. Ratio of results on Euclidean similarity results with 50 comment limit 

Euclidean 
similarity 

(0.0, 0.1) (0.1, 0.2) (0.2, 0.4) (0.4, 0.6) (0.6, 0.8) (0.8, 1.0) 

Ratio 18.46% 23.08% 33.46% 20.77% 3.85% 0.38% 

Table 6. Ratio of results on Euclidean similarity results with 1500 comment limit 

Euclidean 
similarity 

(0.0, 0.1) (0.1, 0.2) (0.2, 0.4) (0.4, 0.6) (0.6, 0.8) (0.8, 1.0) 

Ratio 21.92% 19.61% 31.53% 21.15% 5.76% 0% 

Table 7. Ratio of results on Euclidean similarity results with no comment limit 

Euclidean similarity measures the distance of two vectors so on the contrary to cosine 

similarity, a smaller output is an indicator that two vectors are similar.   

Since it gets harder for cosine similarity results to look into vectors that are too close 
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together, Euclidean similarity is also used to compare results. Even with Euclidean 

similarity, it can be seen that all three variations have an average of 42.68% of the result 

within 0.2 and an average of 21.02% within 0.1. 

Number of Comments 50 1500 none 
Cosine similarity 0.8830 0.8853 0.8776 
Euclidean similarity 0.2751 0.2784 0.2811 

Table 8. Expected value of similarities for each variation 

The expected value for each variation of similarity is shown in table x. that the three 

variations have very small difference.  

Comment Limit Average Number of Comments 
50 503.48 
1500 3955.1 
None 6320.59 

Table 9. Average number of comments for each comment limit variation 

Despite the difference in number of retrieved comment data between the three comment 

limit variations as show in table 9, the difference between their results is small.  

4.2 Further Analysis I 

In order to further look into why the classified category results are the way they are, the 

public opinion subjects were looked into. Similarity classification was divided into 4 

categories; similar, opposite, same stance, and different stance. The following classification 

was done in Microsoft excel. The four categories are defined as follows. 
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o Both sentimental analysis result and public opinion survey result have more 

negative or more positive opinions while their Euclidean distance is less than 

0.2 (the subtraction of the proportion of two positives/negatives are under 10%) 

and both : Similar 

o Has a similar positive to negative proportion but one of sentimental analysis 

and public opinion survey results is negative while the other is positive: 

Opposite 

o Sentimental analysis and public opinion survey results both have more positive 

or negative opinions: Same stance 

o One of sentimental analysis and public opinion survey results have more 

positive opinions while the other has more negative opinions: Different stance 

Classification Number 
Similar 71 
Opposite 88 
Same stance 44 
Different Stance 57 

Table 10. Results on similarity classification results with 50 comment limit 

Classification Number 
Similar 67 
Opposite 88 
Same stance 42 
Different Stance 63 

Table 11. Results on similarity classification results with 1500 comment limit 
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Classification Number 
Similar 71 
Opposite 84 
Same stance 49 
Different Stance 56 

Table 12. Results on similarity classification results with no comment limit 

The tables above are the similarity classification result for sentimental analysis.  

Comment Limit Within Similar Category 
50 27.3% 
1500 25.77% 
None 27.3% 

Table 13. Ratio of results classified as “similar” 

The result of data analysis is usually more accurate as the sample size gets larger (Lee, 

2018), however the results of the three different comment limit variations above show that 

the number of public opinion subjects that fall into the “similar” category remain almost 

the same proportions that are 27.3%, 25.77%, and 27.3%. An average of 26.79% of the 

classification results were within the similar category. 

The analysis on the data using cosine similarity, Euclidean similarity, and the similarity 

classification show that the results are very similar amongst the three comment limit 

variations. So, in order to simplify the analysis, the following sections were all done on the 

no limit comment variation of the results since all three comment variations show similar 

results. 
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Figure 14. Stance similarity of sentimental analysis and public opinion surveys 

An interesting result is that 54% of all the similarity results of the sentimental analysis are 

on the opposite side of what public opinion surveys are indicating as shown in figure 14.  

4.3 Further Analysis II 

This section looks into possible reasons why certain proportions of the similarity results 

are not in the “similar” category. This is because this part of the research aims to find why 

certain subjects have a different result with sentimental analysis. All of the analysis for this 

section were done on the results of the no-limit comment variation. Further analysis was 

done for the subjects not in the “similar” category class. Three categories are proposed to 

perform further analysis on the data. 

o Searched public opinion subject questions that are long 

46%
54%

Same stance Different Stance
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o Results that have the same stance but are exaggerated 

o How number of subjects not within the “similar” category is affected by time 

Searched public opinion subject questions that are long 

Public opinion subject questions that are over 5 words long in Korean were categorized as 

questions that are too long for this part of the analysis. One reason long questions may have 

inaccurate results is that the way a question becomes more specific as a sentence gets longer. 

If a question becomes too specific, there would be a lack of public opinion data on the topic 

because it is too niche.  

Category Number of topics with over 4 words 
Similar 34 
Opposite 35 
Same stance 27 
Different Stance 31 
Overall  127 

Table 14. Number of topics with over 4 words 

Category Number of topics with over 5 words 
Similar 20 
Opposite 22 
Same stance 20 
Different Stance 23 
Overall  85 

Table 15. Number of topics with over 5 words 

It is shown in table 14 and 15 that the number of words of a topic has little correlation to 

how similar a sentimental analysis is to the result of a public opinion survey.   
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The Recurrent Neural Network (RNN) is an AI algorithm that is optimized on predicting 

the next information based on previous data. This implies that RNNs are context aware and 

this is why they are used for natural language processing. Although this context awareness 

can be used to comprehend language, performance generally deteriorates when input 

sentences are long (Alex, 2017). This is a problem that occurs because it is difficult to 

process the context of a word that is far away from the current word, which is called ‘long-

term dependency’. Long short-term memory (LSTM) is a representative model that 

attempts to overcome the problem of long-term dependency of recurrent neural networks 

(Hochreiter, 1997). BERT showed higher performance in various natural language 

processing tasks using an attention mechanism called transformers. Transformers put more 

focus on certain words within a sentence in order to be even more context aware than 

previous language processing methods like the RNN and LSTM. Therefore, it is possible 

to flexibly respond to homonyms which are words with multiple meanings and long 

sentences.  

This experiment confirmed that the length of a sentence for a topic does not determine the 

similarity of the results.  
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Results that have the same stance but are exaggerated 

For this part of the analysis, sentimental analysis results that shared the same stance with 

public opinion surveys but had exaggerated results were looked into. The results that had a 

positive to negative ratio of over 1.5 were categorized as exaggerated in this section.   

Category Number 

Not in “similar” 189 

Same stance 49 

Table 16. Ratio of results classified as “same stance” 

It is shown in table 16 that 25.93% of the results that are not within the “similar” category 

can be explained with this criterion.  

 

Figure 15. Examples of pie chart results that are “Same stance” 

Through this, it was found that about 25.93% of the results were exaggerated or understated. 
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The results obtained by sentimental analysis and public opinion surveys will be compared 

in the next section. Results that are “biased” is defined if one result is farther away from 

being neutral. 

As shown in figure 15, while some subjects seem to indicate that the sentimental analysis 

result is biased, there are also public opinion survey results that seem biased. If one of a 

sentimental analysis result or public opinion survey result on the same topic seemed to have 

an overwhelmingly larger portion in one stance than their counterpart, the result was 

categorized as the more biased result for the following analysis.  

Category Number 
Same stance 49 
Sentimental analysis  11 
Public opinion survey 38 

Table 17. Number of “biased” within the “Same stance” category 

The results showed that 11 out of 49 “Same stance” category are biased from the 

sentimental analysis while 38 were biased from the public opinion surveys. It can be seen 

that the results of the actually reported opinion polls are more biased relative to the 

sentimental analysis. There are cases where public opinion surveys alter results by 

integrating meaningless surplus data into the category of which the surveyors are biased 

towards (H, 1991) which leads to the higher probability of the media making articles that 
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are inaccurate (Kim, 2010).   

How the number of subjects not within the “similar” class is affected by time 

This section looks into the possibility that the reason for subjects not in the “similar” 

category is due to certain subjects being more time sensitive than others. The pre-collected 

260 public opinion survey results were categorized into how many years the survey had 

been conducted since 2022-05-01. The period was divided into 4 categories; the survey was 

done within 1 year, was done over a year ago but within 2 years, was done over 2 years ago 

but within 3 years, and was done over 3 years ago but within 4 years. 

Period Number Ratio 
2021-05-01 ~ 2022-05-01 58 22.3% 
2020-05-01 ~ 2021-05-01 38 14.62% 
2019-05-01 ~ 2020-05-01 72 28.1% 
~ 2019-04-30 92 35.38% 

Table 18. Public surveys categorized by time 

The following table classified 189 results not in the “similar” category according to time 

difference as follows. 

Period Similar Opposite Same stance Different 
stance 

2021-05-01 ~ 2022-05-
01 

16 23 9 10 

2020-05-01 ~ 2021-05-
01 

13 13 1 11 

2019-05-01 ~ 2020-05-
01 

18 19 16 19 

~ 2019-04-30 24 29 23 16 
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Table 19. Number of results for each year passed 

This result shows that for each year passed after the public opinion poll was surveyed, there 

is a consistently increasing number of subjects that are different from the sentimental 

analysis result. However, as seen in figure 16, this increase of numbers of results that are 

not in “similar” over time is due to the ratio of the survey data.  

 

Figure 16. Graph of number of results for each year passed 

A column graph with a 100-percentile stacked column of the results in order to further look 

into how each category; similar, opposite, same stance, and different stance is affected over 

time.  
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Figure 17. Column graph of number of results in each category for each year passed 

Figure 17 shows that if the data were to be divided by time, the opposite category has the 

most results while “same stance” category has the least results. The only significant change 

is the ratio of “same stance” in the period 2020-05-01~2021-05-01. However, there is not 

enough information to determine the reason for this change. The rest of the ratios of 

categories each year remain similar.  

In order to see if more recent public opinion polls are more accurate, the similarity of results 

of the polls in 2022 were compared to those of the sentiment analysis results. 
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Year Category Number 
2022 Similar 1 

Opposite 4 
Similar Opposite 1 

Different 4 

Table 20. Similarity classification for surveys done in 2022 

The small number of survey data limits to give meaningful analysis results as shown in 

table 20. 

Public opinion does change over time but slowly (Smith, 1994). However, the conditions 

for forming public opinion are constantly changing with the development of media 

technology as well as the environment for forming public opinion itself. For example, 

increase in individual participation in the news production process due to the strengthening 

of interactivity, and the appearance of personal media (Hong, 2010). In particular, in the 

case of Twitter which is a representative of social media, public opinion is formed by 

posting 140-character short sentences in real time. This ease of publishing public opinion 

is one of the reasons why public opinion can change even in only a few minutes (Park, 

2012). Therefore, when performing sentimental analysis on text data collected through 

social media, more accurate public opinion can be judged by collecting relatively recent 

text data from comments.  
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4.4  Comparing different language models 

The comparison analysis for this section was done on the results of the no-limit comment 

variation. A language model called BERT was used in the previous sections of analysis. In 

order to see how much better a language model is with natural language processing, an 

older model that analyzes text was used and its performance was measured. This model 

consists of two dense layers that consists of 64 units and sigmoid is used as the activation 

function. Cosine Similarity and Euclidean Similarity analysis was done for the model. In 

the following analysis, the older model is referred to as model 1 and the BERT language 

model is referred to as model 2. 

Cosine 
similarity 

(0, 0.5) (0.5, 0.6) (0.6, 0.7) (0.7, 0.8) (0.8, 0.9) (0.9, 1) 

Model 1 3.46% 5.76% 9.61% 9.23% 21.53% 50.38% 
Model 2 0% 5% 2.69% 11.92% 18.08% 62.31% 

Table 21. Comparison of results on cosine similarity results of the two models 

Euclidean 
similarity 

(0.0, 0.1) (0.1, 0.2) (0.2, 0.4) (0.4, 0.6) (0.6, 0.8) (0.8, 1.0) 

Model 1 17.3% 13.84% 32.69% 24.61% 10% 1.53% 
Model 2 21.92% 19.61% 31.53% 21.15% 5.76% 0% 

Table 22. Comparison of results on Euclidean similarity results of the two models 

Expected Value Model 1 Model 2 
Cosine similarity 0.8338 0.8776 

Euclidean similarity 0.3344 0.2811 

Table 23. Expected value of similarities comparison of the two models 

Table 23 shows that there is a 5.25% increase in cosine similarity results, and a 15.93% 
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increase in Euclidean similarity results. This result tells us that using more advanced 

language models can improve results.  

4.5  Discussion 

Public opinion subject of the “similar” category class 

71 out of 260 sentimental analysis on public opinion subjects were “similar” to already 

existing public opinion survey results. This accounts for 27.31% of the total survey data.  

Subjects such as “basic income implementation” and “all volunteer military system”, and 

“push of public education normalization” can be seen in the “similar” category.  

 

Figure 18. Examples of pie chart results that are “similar” 
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It was originally hypothesized that the “similar” category would be topics that are mostly 

related to basic necessities and security due to some examples like in figure 18. After 

examining the topics within each category, it seemed that all categories had topics like this 

as well. So, it is still unclear what determines the similarity of the sentimental analysis and 

the public opinion surveys. This is a phenomenon in data science called the black box of 

neural networks. Despite consistent efforts to open and decipher this black box, it has 

become exponentially harder in recent years (Castelvecchi, 2016).  
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Chapter 5. Conclusion 

Throughout the experiment, there were 3 sizes for comment extracting; 50, 1500, and a no 

limit option. The 50-limit option extracted and analyzed on average 503.48 comments, the 

1500 limit extracted and analyzed 3955.1 comments, and the no limit option extracted 

6320.59, but the number varies for each subject since not all subjects get the same amount 

of attention.  

The original reason why the experiment was divided into the three sizes was because the 

hierarchy of attention levels for content on the platform. Since popular content gets even 

more popular due to the snowball effect, the no limit option would have reflected more on 

how the most popular content’s comments reacted to a subject. A popular content’s number 

of comments can vary from 5,000 to even 100,000 comments. This is because popular 

subjects are seen by almost anybody, which guarantees a bigger number of comments. The 

1500 limit option would have reflected more on how a subject that is not generally popular 

and a bit more niche. In addition, the 50-limit option would reflect better of a subject that 

gets relatively little attention. However, after the analysis, the results show that there is 
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little difference between the three variables. 

The reason the sentimental analysis results remain similar even with the increase of the 

number of data is up for discussion. However, this can be because the data being retrieved 

from the website is retrieved based on relevance. The website itself also has an algorithm 

that ensures that the top comments are relevant to the topic.  

This means that while the proposed sentimental analysis framework is already a form of 

search engine, the website displays its data through its search algorithm as well, which 

would mean that the extracted data would have gone through two search engines. This 

could be the reason that the accuracy was supported even with relatively small data. 

I expect the sentimental analysis to have promising results on simple or general topics that 

do not require a complicated opinion. However, there might already be some bias within 

that website itself.  

The initial analysis of how similar the sentimental analysis result was from public opinion 

poll results were on the same topic. Both cosine and Euclidean similarity showed good 

results, cosine similarity having 62.31% results within (0.9, 1) and Euclidean similarity 

having 41.53% results within (0, 0.2).  



 

 

57 

In order to look further into the results, 4 custom classifications of categories were proposed. 

This was used to investigate and discover patterns in how the similarities resulted. However, 

all the hypotheses suggested did not explain the different similarities.  This is largely due 

to the black box of neural networks in deep learning. Despite consistent efforts to open and 

decipher this black box, it has become exponentially harder in recent years (Castelvecchi, 

2016) to understand what goes on within the networks. 

While 54% of the sentimental analysis results have the opposite stance from the public 

opinion survey results, this does not necessarily imply that the sentimental analysis is an 

unviable methodology. Surveys have their own problems in that the questions may have 

bias (Choi, 2005) and the responses may have bias as well (Bogner, 2016). The public 

opinion on the internet may be more honest and hence accurate because of new technology 

that enables people to form and publish their opinions on the internet (Park, 2012). Some 

papers have utilized this methodology to determine how people feel about COVID-19 

(Zamani, 2020), which has shown promising results.  

The similarity results do not necessarily determine how accurate the AI can analyze public 

opinion, but how similar the results are to the public survey results. While further analysis 



 

 

58 

must be done to determine the results, one may argue that the sentimental analysis is more 

accurate at grasping the opinion of the people than surveys.  

Contribution 

The framework suggested in this research offers a solution to one of the problems with 

Korean sentimental analysis which is the lack of data. The web crawling part of the 

framework allows almost instantaneous data creation for a single topic averaging about 

6320 text data. Since this framework can automate the process of finding data and then 

performing sentimental analysis on the topic, this can potentially solve many problems that 

have to do with lack of data.  

A tool for social trust  

Since the text data is extracted from a page where a creator made content on the topic 

searched instead of directly asking questions to people, the opinion data results reflect on 

the creator itself as well. This is because the sentiment determined by the AI can also be 

the reaction to the creator while also being the reaction to the social issue that the creator 

is talking about.  

When a sentimental analysis result is extremely positive, this also implies that the creator 
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is credible as a source of information because the comments would include how people 

think about the creator as well the social issue being discussed. This is why this sentimental 

analysis framework can be used to not only determine the public opinion of the people on 

social issues, but also determine the credibility of the source of information.  

Policy and Strategy Implication 

While providing an accessible tool for researchers, this algorithm will also be able to clear 

some bias from opinion analysis than the current state. This increase in accessibility and 

decrease of bias will ultimately increase the people's trust in new policies made according 

to research using this method. As mentioned above in the introduction, there are many 

potential biases that can affect the results of a survey due to fatigue of the participator or 

bias in the survey questions themselves. By integrating AI and web crawling into data 

analysis research, the process of making survey questions and survey participators 

answering them can be skipped. This access to analyzing directly what people is voicing 

on the internet, the opinions will be rawer thus providing a much more accurate and 

efficient way of finding out what people think about certain policy related topics.  

The increase in accuracy will ultimately help increase transparency and accessibility to data 
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processing which will ultimately increase the participation of people in government led 

events like voting. Being able to observe transparent opinions of what the people think 

about certain topics will lead to a more democratic process of making new plans and 

policies for the discussed area of field. 

Limitation of research 

Appropriate Amount of Web Crawling 

Another problem that might arise is that there might not be enough data on certain topics. 

Further testing for acquiring text data on the web might need to be done to gain accurate 

analysis results.  

Bias in the Website itself 

There is a chance that certain topics within the website are biased. There are known 

community websites that have politically biased opinions and even news companies are 

known to have a preference in terms of political stance. So, these will be taken into 

consideration when adding web crawling.  

Korean NLP Language Model 

Research on Korean NLP is difficult due to the lack of massive datasets and high 
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performing Korean-language-aware language models. Section 4.4 shows results 

implicating that a more recent and accurate model could increase the performance of 

sentimental analysis. Since Naver is currently developing and in the process of slowly 

making their high performing Korean language model HyperClova, future search done 

using the new language model will prove to have more accurate results.  

While this research limits the language to Korean, English language models are known to 

have better results due to abundant text data. Therefore, changing the language model and 

public opinion survey data into English can also be done in the future to have more accurate 

results. 
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Abstract (Korean) 

한국어 감성 분석은 데이터의 부족과 고성능 한국어 모델의 부재로 인해 이상적인 

결과를 제공하지 못한다. 현재 통계 기반 인공지능의 등장으로 수많은 연구에서 

다양한 주제를 분석하기 위해 이 방법론을 사용해 왔다. 감성 분석은 문장이 어떤 

감정을 표현하는지를 결정하는 데 특화된 자연어 처리 분야이다. 본 연구는 감성 

분석을 수행하여 사람들의 여론을 파악하는 과정을 자동화하는 데 사용할 수 있는 

프레임워크를 제안하는 것을 목표로 한다. 여론조사는 보통 "예"와 "아니요"로 

대답할 수 있는 질문을 가지고 있다. 감성 분석은 코멘트가 긍정적인 감정을 

묘사하고 있는지 부정적인 감정을 묘사하고 있는지를 판단하는 데 높은 정확도를 

보여주므로, 그것들은 빅데이터에서 여론을 결정하는 과정을 돕는 실행 가능한 

방법이 될 수 있다.  

본 논문의 자동화된 감성분석 프레임워크가 설문조사의 실행 가능한 대체가 될 수 

있다는 가설을 테스트하기 위해 전문기관들이 진행해온 260여개의 여론조사 결과를 

활용해 두 결과가 얼마나 유사한지 살펴봤다. 두 결과를 비교하기 위해 코사인 

유사도를 사용하였으며, 260개의 전문 여론 조사 결과 중 160개가 유사도 90%를 

넘는 것으로 나타났다. 또 다른 흥미로운 발견은 한 해가 지날 때마다 비례적으로 더 

많은 여론 조사 결과가 유사성 낮게 나온다는 것을 보여주었다.  

이러한 결과는 이 논문의 자동화된 감정 분석 프레임워크가 "예" "아니요"인 

질문들을 한해서 충분히 여론 조사의 대체물이 될 수 있음을 시사한다. 제안된 

프레임워크를 통해 기존 전문가 여론 조사 결과와 높은 유사성을 보인다는 결과가 
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나왔기 때문에 이 프레임워크는 향후 연구에 특히 유용할 것으로 보인다. 

 

주요어: 인공지능, 감성 분석, 여론 조사, 여론, 자동화, 자연어처리 

학  번 : 2020-28439 
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