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Abstract 

Recently, with the rapid development of deep neural network 

(DNN) technology, application research is increasing in 

various fields of artificial intelligence. Particularly, activity is 

increasing in the image recognition field using DNN. Deep 

learning-based technology is also used in document 

classification, having been studied in the natural language 

processing field for a long time. Document classification 

using sentence unit texts has been attempted in other countries 

with high performance. In this study, document classification 

is performed based on an existing convolutional neural 

network (CNN) containing Korean/English keyword data 

from Korean reports; the results are summarized. A single-

layer CNN was used. Owing to the experimentation with bi-

gram, we obtained 24% more accurate results than simple 

word-based learning using Korean learning data. 

Keywords: convolutional neural network, deep neural 

network, sentence classification, document classification 

 

INTRODUCTION 

Deep learning technology based on artificial neural networks 

is rapidly developing and is actively being commercialized in 

various fields, such as image and video classification and 

object recognition and tracking. In the future, it is expected 

that the development speed and influence of deep learning 

technology will accelerate as its applications expand. 

Text classification is an essential component in many 

applications, such as paper-search and trend and emotional 

analysis [1]. Thus, it is a core element in various areas such as 

Dewey-decimal classification of academic journals, scientific 

and technical standard classification of science and 

technology research reports, and international patent 

classification. There is an especially high interest in automatic 

classification of literature per the subject of the information 

search area. For example, indices and abstract records of 

academic papers and research reports are now being 

categorized and provided to users by subject. Therefore, 

classification tasks, which require much time and effort, are 

being improved efficiently, and the consistency and accuracy 

of indexing have improved over time. 

Recent research results show that the deep neural networks 

such as convolutional neural networks (CNN) and recurrent 

neural networks (RNN) demonstrate excellent performance 

[2]. In this study, the performance of CNN is comparatively 

analyzed using Korean and English text data.  

 

RELATED WORKS 

A. Text Classification 

Text classification, a classifier is built by making a machine 

learn a training dataset that has already been classified, and by 

letting the classifier classify new data. In other words, 

classification is automated by making a machine learn the 

human ability to easily identify the categories of articles 

without sufficiently understanding the contents. The 

performance of a classifier can be measured by building one 

with learning data, and by comparing the classification results 

of the classifier for experimental data with manually classified 

categories [3]. (Figure 1). 

 

 

Figure 1: Basic Concept of Text Classification [3] 
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With the development of the Internet and various services 

based on big data, text classification is being used in a wide 

variety of areas, including document categorization, 

information filtering, emotional analysis, and identification of 

conversation intent. Existing research on text classification 

uses machine learning models such as conditional random 

field and support vector machine. However, as deep learning-

based models using RNN and CNN have shown excellent 

performance, related methods have also been proposed [4].  

Originally, research focused on how well CNN classified 

various text data [2], [5], [6]. Recently, however, application 

studies have become active, such as by analyzing emotions in 

Korean movie reviews using a proven CNN model [7], by 

comparing the accuracy of Korean newspaper article 

classification by applying Doc2Vec and Word2Vec to CNN 

[8], and by designing a more stable CNN model based on 

Korean alphabets [4]. 

 

B. DNNs 

 Machine learning research, which began with the 

development of a multilayer neural network learning 

algorithm in 1986 has contributed greatly to overcoming the 

artificial intelligence (AI) limitation of symbolic logic. 

Machine learning was used in information search, data 

mining, e-commerce, and recommendation services in the 

1990s. By the late 2000s, machine learning had had a major 

impact on the advancement of AI industries, such as 

unmanned vehicles. Recently, it has become possible for 

machines to learn a deep learning model with a complex 

structure based on accumulated big data by leveraging high 

computing power [9]. Deep learning research for solving 

machine learning problems using DNN is now being applied 

successfully to various problems that have yet to be solved by 

extant methods. This learning approach has the advantage of 

automatically extracting the features of input data for which 

expert knowledge has not intervened, and combining them 

with the existing pattern recognition techniques to achieve 

better performance. Therefore, the same method of 

automatically extracting features of input data from given 

training data and recognizing major patterns can be applied, 

regardless of application areas [10]. 

The structure of deep learning adopts an integrated problem-

solving method that includes a preprocessing step for feature 

extraction over the total learning process so that the 

unprocessed original data is directly learned. Especially in the 

case of complex data with a very large number of dimensions, 

such as image data, the machine can automatically extract and 

use information that may be lost through preprocessing. Each 

layer of the neural network receives and extracts information 

from its lower layer, converting it to higher-level information 

before transmitting it to its upper layer. Therefore, the more 

the number of layers of the neural network, the more 

effectively the higher-level features can be extracted [11].  

(Figure 2). 

 

 

Figure 2: DNN and High-level Reatures [11] 

 

C. CNN 

CNN is a machine learning model from the 1980s, originally 

devised to recognize human hand-written letters based on the 

workings of optic nerves of living organisms. It was 

appropriate for image classification and data processing, but 

its applications were limited because of low computing 

performance. Later, the importance of the advancement of 

data processing and big data processing technologies was 

emphasized. In the Imagenet Large Scale Visual Recognition 

Challenge of 2012, CNN was proven to perform better than 

existing techniques [12].  

Currently, leading domestic and overseas IT companies, 

including Google and Naver, are using CNN in automatic 

photograph classification and content-based image searches; 

its applications are increasing steadily to video classification, 

image-text multi-modal learning, etc. [13] CNN’s 

convolutional operation avoids location and size variation 

effects of target objects in input images. 

CNN operates on the same principle of image recognition as 

the actual brain. As the brain recognizes objects, images are 

divided into small regions and learned using the features of 

each region. Then the input images are classified. CNN shows 

different structures and performances depending on the 

implementation method. When CNN is used to classify texts, 

it uses the same structure as image classification, but the filter 

and channel look different because the input data is text. In 

other words, there is more than one filter size. In general, 

there are two filters, each, for sizes 2, 3, and 4. Figure 3 shows 

the CNN structure for classifying texts [14]. (figure 3).  

The algorithm used universally among other algorithms to 

strengthen the learning ability of DNNs is called “dropout.” 

The basic concept of dropout is performing learning after 

omitting select nodes of the DNN, based on the probability of 

p (usually 0.5) during the learning process. The omitted nodes 

are randomly selected whenever the output value for the 
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current weight is calculated. For new data gleaned after 

learning, the output value is calculated by multiplying the 

output value of every node by 1-p instead of omitting the 

nodes based on the probability of p. This method is simple, 

and improves the stability and accuracy of learning. Recently, 

studies applying dropout to CNN and RNN have increased 

[15]. 

 

 

Dataset and Experimental Environment 

Standard research data areas consist of 28 large categories and 

245 middle categories, per the science and technology 

standard classification defined by the National Science and 

Technology Council, in accordance with Article 27 of the 

Framework Act on Science and Technology. In this study, 

classification items are divided into large, middle, and small 

categories, and sample data consists of pairs of Korean and 

English keywords (Table 1). 

 

 

 

Figure 3: CNN Structure for Text Classification  [14] 

 

Table 1: Experimental Sample Data 

No 1 2 3 4 5 

S
u

b
je

c
t co

d
e
s a

n
d

 

c
a

teg
o

r
ie

s 
Large Categories  

EA. 
Machiery 

EC. Chemic-al 
enginee-ring 

EE. 
Information/communicatio-n 

Middle 

Categories 

EA06. 
Nano/micro machine 

system 

EA08. 
Industrial/general 

machinery 

EA09. 
Automobiles/ 

railway vehicle-s 

EC05. 
Precisi-on 

chemis-try 

EE02. 
Softwa-re 

Small Categories 

EA0604. 
Ultra-small 

processing/assembly/meas-

ureme-nt technol-ogy 

EA080. Transportation 
and unloadi-ng 

machin-es 

EA0999. 
Automobiles/ 

railway vehicle-s not 

otherw-ise classifi-ed 

EC0506. 
Surfact-ants 

EE0202. 
Softwa-re solutio-ns 

ENG_KYWD Interference optics, FPGA, 

3D, 

Softwar-e, 
TSV, 

3D Measur-e 

Drill, develop-ment, 

Automa-tion, 

Process, 
Forklift 

Wingbo-dy, 

Cargo Box, 

Special  Purpose Vehicle, 
Hinge for Wingdo-or, 

Alumin-um Wingbo-dy 

Amino Silicone, 

Silicone Oil, 

Yellowi-ng 
Maskin-g 

Fabric 

Mobile Web/Ap-p, 

Process oriented, 

Gatewa-y Server, 
Service Platfor-m, 

Encrypt-ion 

KOR_ KYWD 간섭 광학계, 임베디드, 

3D, 소프트웨어,  

실리콘 관통 전극, 3D 

측정 

드릴, 개발, 자동화, 

가공, 

지게차 

윙바디, 적재함, 

특장차, 윙도어힌지, 

알루미늄윙바디 

아미노실리콘, 

실리콘오일, 

황변, 마스킹, 

섬유 

모바일 Web/App, 

프로세스중심형, 

게이트웨이서버, 서비스플랫폼, 

암호화 
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To prove the effects of the proposed method, an experiment is 

performed using the following dataset(Table 2). For the 

NTIS_M_E, a total of 41,377 data are used after extracting 

only the standard classification E (artificial extraction) 

between 2014 and 2015. 

 

Table 2: Summary of Experimental Data 

Dataset Subject codes and categories Train/Dev/Tes

t Data 

count(units) 

Language 

Large  

categories 

Middle 

categories 

NTIS_M_E 
(2014-2015) 

EE. Information 
and 

communication 

EE01. 
Informatio

n theory 

33,515 / 3,724 
/ 4,138 

KOR/ENG 

 

For the English data keywords (ENG_KYWD), the 

documents are vectorized using blank-based words except for 

stop-words before the CNN classification experiment. For the 

Korean data keywords (KOR_KYWD), two methods are used. 

First, the words are separated based on blank, as with the 

English data keyword experiment. Second, Korean words are 

separated into uni-gram, bi-gram, and tri-gram. In a previous 

study, using Word2Vec showed the highest performance in 

the text classification experiment using CNN and RNN [2]. 

However, data preprocessing is not performed in this study to 

improve the performance of the automatic sentence classifier. 

The test dataset consists of 4,138 data (approximately 10 %) 

out of 41,377 data, total. The dropout value is set at 0.5; the 

word embedding vector size is 1k; and the hidden-layer value 

is 1k. The filter sizes are “2,” “3,” and “4” and the filter 

number is set at 1k. The learning process is repeated 10 times. 

 

Classifier Model and Experiment Results 

First, measurements are made using two classifier models. To 

improve the performance of automatic sentence classifier, 

Word2Vec and stop-words are not used. For the 

ENG_space_Acc model, English words are learned based on 

large and middle categories and then the accuracy is 

measured. As shown in Table 3, accuracy is approximately 63 

% for large category items and approximately 47 % for 

middle category items. Alternatively, the KOR_space_Acc 

model shows an accuracy of approximately 48 % for the large 

category items and approximately 47 % for the middle 

category items. Thus, the classifier performance shows no 

clear difference when applied to Korean data. 

 

Table 3: Experiment Results 1 

Classifier Model (Large categories) (Middle 

categories) 

EE. Information and 

communication 

EE01. 

Information 

theory 

ENG_space_Acc 0.6361 0.4738 

KOR_space_Acc 0.4814 0.4747 

When words are learned based simply on blanks, Korean data 

keywords are classified inaccurately approximately 15 % 

more often than English data keywords. The reason seems to 

be that Korean data keywords consist of a high proportion of 

compound nouns, and when the same texts are vectorized, 

experimental result values do not show much difference. For 

example, in Table 2, the English keyword “Gateway Server” 

is expressed as “게이트웨이서버” in Korean, and “Special 

Purpose Vehicle” is translated into “특장차.” English data 

keywords are expressed in two or more word vectors, but 

Korean data keywords are expressed in one-word vectors with 

no spacing; this decreases the accuracy of classification. To 

prove this result clearly, we conduct experiments using three 

additional models, shown in Table 4. 

 

Table 4: Experiment Results 2 

Classifier Model (Large categories) (Middle 

categories) 

EE. Information and 

communication 

EE01. 

Information 

theory 

KOR_unigram_Acc  0.6957 0.5044 

KOR_bigram_Acc 0.7250 0.5451 

KOR_trigram_Acc 0.7035 0.5148 

 

When the first Korean data keyword is separated into letter 

units before conducting the experiment using the 

KOR_unigram_Acc classifier model, the accuracy of large 

categories is relatively high, at 69 %. On the other hand, the 

accuracy of middle categories is 50 % and does not improve. 

It seems that the experiment results are similar because the 

number of middle categories is 245, which is large. For the 

second KOR_bigram_Acc classifier model, Korean data 

keywords are separated in two letter units. The large 

categories show the highest accuracy, at approximately 72 %, 

but the middle categories show an accuracy of approximately 

54 %. The third KOR_trigram_Acc classifier model shows an 

accuracy of approximately 70 % for large categories and 

approximately 51 % for middle categories. In conclusion, 

using bi-gram for CNN classification experiment with Korean 

text data is much more effective than vectorizing English text 

data. In other words, creating vectors with bi-gram words can 

obtain approximately 24 % better results than creating vectors 

from words. 

Figure 4 shows a graph of the total experiment results. For 

both large and middle categories, the accuracy of subject 

classification is the highest when using bi-grams for Korean 

text data. 
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Figure 4: Total Experiment Results 

 

CONCLUSION 

In this study, Korean data classification performance was 

measured using CNN, which has shown good performance 

recently in text classification. The results showed that the 

classification performance of Korean data was lower by 

approximately 15 % compared to English data. This result 

seems to be because, unlike English data, Korean data 

possesses frequent combinations and contractions of words 

because of compound nouns, simple foreign language 

notations, and Korean translations. To solve this problem, the 

experiment was conducted again after Korean data were 

separated into uni-grams, bi-grams, and tri-grams. The results 

then showed that the classification performance of Korean 

data improved more than the English data did. Furthermore, 

separating Korean data into bi-grams before learning 

improved the accuracy by approximately 24 % compared to 

simply vectorizing only the words. Therefore, to build or train 

neural network learning data using Korean data, it is more 

effective to translate the English data into words and write 

compound words with spacing as much as possible. 
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