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ABSTRACT

In this paper, we propose a method to classify a document using a Recurrent Neural Network by extracting features considering word
sense and contexts. Word2vec method is adopted to include the order and meaning of the words expressing the word in the document as
a vector. Doc2vec is applied for considering the context to extract the feature of the document. RNN classifier, which includes the output
of the previous node as the input of the next node, is used as the document classification method. RNN classifier presents good
performance for document classification because it is suitable for sequence data among neural network classifiers. We applied GRU (Gated
Recurrent Unit) model which solves the vanishing gradient problem of RNN. It also reduces computation speed. We used one Hangul
document set and two English document sets for the experiments and GRU based document classifier improves performance by about

3.5% compared to CNN based document classifier.
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Fig. 1. Document Classification Process
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Table 2. Binary Code Example

Binary code One-hot encoding
‘black’ 001 10000
‘blue’ 010 01000
‘red 011 00100
‘white’ 100 00010
‘vellow’ 101 00001
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Table 3. Cell Variable Description

Variable Description

Ty Input value of the cell
h, Output value of the cell
G, Cell state
S forget gate value

i Gy input gate value
0 output gate value
o sigmoid function

tanh hyperbolic tangent function
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Fig. 6. Structure of GRU
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Table 4. HKIB-20000 Category

Class Number of documents
Diseases 196
Bank 282
Science 188
Baseball 325
Broadcasting 518
Buddhism 141
Army e
Civil engineering 272
computer 481
Travel tourism 182

Table 5. 20-News Category

Class Number of documents
comp.os.ms-windows.misc 985
comp.sys.ibm.pc.hardware 932

rec.autos 990
rec.sport.baseball 994
sci.med 990
sci.crypt 991
sci.space 937
talk.politics.misc 775
talk.religion.misc 628
alt.atheism 799
misc.forsale 972
soc.religion.christian 997

Table 6. Description of data sets

Number of Number of Language
documents class
HKIB-20000 20,000 10 Korean
20-news 18,828 12 English
AG news 127,600 4 English
42 ME
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T Equation (16)¥ #om AW HolEx dx3le= ¢+
4% AA A NFEE YRS Table 7). 2384 AS-¥
RNN #}2lu] A A2 Table 8914 Kol =t}
. _1P
Precision = 7TP+ 7P (13)
TP
Recall = s (14)
_ 2XPrecision X Recall
Fl=measure = Precision+ Recall (15)
TP+ TN
Accuracy = N P TV (16)

Table 7. Accuracy Evaluation Metrics

True condition

Positive Negative
Predicted Positive True Positive False Positive
condition | Negative | False Negative True Negative
Table 8. GRU Parameter Variable
Parameter Value
learning late 0.001
hidden layer 100
batch size 100
epoch 50

43 Aydnt

Table 9% word2vec® doc2vece] A9 &
2 BoFE=x o7 93 g2 A v 2
oFt. £77]= GRU Ed& 214319tk Ae H7F a2

Equation (16)%} 22 &%} Fl-measureZ %73}tk

Table 9. Experimental Results with Data Sets

Features + HKIB-2000 AG News

classifier Acc | F1 | Acc | Fl | Acc | F1
tfidf+GRU 0.857 | 0.843 | 0.796 | 0.799 | 0.832 | 0.846
word2vec+GRU | 0.870 | 0.859 | 0.811 | 0.803 | 0.841 | 0.838

word2vec+
doc2vec+GRU

20-news

0901 | 0904 | 0.882 | 0.879 | 0.877 | 0.865

5l A3} o] Ao tfidf Bk word2vec 7 o]
o £& A3E Wolal word2vectdoc2vec S o] At
delel Aol digl 7H £ A¥AAE Bk
Table 10 o2 Wi Ede] A3E Huste] RojFEr), 2
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GRU i ]5 AMEE RS W AEETk o e s g9 &
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E’_a% Zol *}%% B Aol FEEHE AS FAsst
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Table 10. Experimental Results with All Datasets

I_JZI({)IO% ni(ivs AG News
thidf+SVM [19] 0.831 0.775 0.826
word2vectCNN [20] 0.854 0.730 0.835
word2vec+LSTM [20] 0.842 0.830 0.833
Discriminative LSTM [21] - - 0.851
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