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2011.; Jeong et al., 2015; Oh and Sheng, 2011). A}
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Input. T2 F 5 S,

Output. 722 %48 &-8-°] Stopwords,, r)
Method.
If Pr(Ws, 5, w)) >0.5 Then I FEI} EA0 wEbs Sshs dolo 2
Stopwordss,, p, w)y = W(sy, Pp w)
End If
Forj=1tow /Il &of
Fori=1ton I EA
count = 0
Forq=1tok I %

Ifs topwords(sq‘ p;, j) not NULL Then
count ++
End If
Next q
If count >= (k*0.9) Then

Stopwordsp, ) = Stopwords(sq, Py )

Next 1
Next j
(Table 1) Stopwords removed according to news sources
news sources stopwords
YIN PLUS YTN 54| F& AZ Az A
Yonhap news co kr yna A F& A& A AME AZEA A 3EY
ITBC All Co Copyright DramaHouse JTBC JcontentHub Ltd Reserved Rights SNS by &2 54| 7|t}g]
717 2 i S 47 ABE FRE ARIE AR AR JPlexEE] ESE Hola&
Finanacial news com finews T T A|E AZ@2L AA| o] d 72
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(P(Pluswords(s, newsy, o i | Price(Ss, Day)))3 7}
2 stete] W do] S FE(P(Minuswordss,.
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FAREE 739, 7HAF dglel S dolw
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Algorithm 2. Defining the neutral terms

Input. T2 F5 S,

L

LLZZ]’% ‘IT—}—\— news d, n)

=
5 ol mpehA] 2ol BFEE WOl Wik, news, my

Output. T8 T H o] NeutralWis,, w)

Method.

If Pr (W(Sk, O w)) < o Then
W =W N W, news ny w°

End If

Pluswords = 0

Minuswords = 0

Forj=1tow // o]
Neutralcount = 0
Forq=1tok " &=

Forp=1tod VA=

Fori=1ton /T2

128

oly
i
g
ar
¥
iy
2
o
2

o
Tt

3F T} 10702

TF HAES
= AT TH DoAWeutralWs, 1))
7 A#Eglo] ¥NvE T
FT5o HEH @or) ofd
ZA o)t} <Table 3>2 47} 391
ojo|th. A3 Ak 79 141719
7} 6070 &2, Ah=te] A5 147709
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ZHel| 2| S8 Hol 282 88

Next p

If P(Pluswords s, newse, 1. ) | PTice(Sq, Dayy)) =~ P(MInuswords (s, newse, o i | Price(Sq, Dayy)) Then

Next q

If Neutralcount = (3 Then

Next i

p— c
NeutralW(sq‘ H= NeutralW(Sq‘ H N W(sq_ newsep, iy, i)

ol

It Price(sqv Dayp) >0& W(Sq, newsyp, i i) not NULL Then // 57} 7 =

Pluswords (Sq. newsp, i, »D T T

Else If Price(Sy, Dayy) <0& Wis, newsy, 1 p 00t NULL Then// 57} &t2f &

i J

Minuswords s,, newsg, 1, » T+

NeutralWs,, j = NeutralWs, j, U Wis, newsep o, 1 7/ 12 9 o= A4

NeutralW count + +

Next 1
Next j
(Table 2) The first neutral terms according to stocks (e= 0.2)
Stock The first neutral terms

ARAA LG 2 71 g2 wl & 8] Bo] A AlA )\u]_El A& _%sﬁ o) 4+
20143 IT SK 7H4 7} Ve }% A 7HA 7&§‘r N AW BRAST A3t B¢
8 a4 R 2 7% JIH 715 7)€ 7)€ 71F UL wo] 4= Gggd givl

2

A} At
7 BAA

w23}

o, r?.i
i o o
X,
ft tk il

i

Samsung | W= Wb g 35'_—*4 WOk WHE ALY ARG AR S A AlE AHIZ Al MHol AW AR £FE AR
Electronics | 2% & §E& oy AA l QA e A dA 2 o]d o] F o]2 o|¥ o]F A& M=t HA A& AF
FE T8 $5 4 A I8 Ao 24 £ w7 Do g 3]} 19] 39 2H5 A 7] FAEY
718 A s W] thEE o golx| mEl ms whA Al AR A A7 28] &4 o8 9B A3}
Agg Az F7} Aie Tejue @2 WA Hu
Aozt AY BAA 5 715 7okt W& vls Be] Ko A% &5f o] o] AsAt A} A s o
AiAEAE 19 20143 39 LG SK SUV 714 7HsA 7he-dl 743k A 7iA A4 A At A 233734
- 2 228 718 7Y Ve V1€ Ve UL UrEM 14131 == E}“ﬂ ﬂ%ﬂl & gojA w5 2l Fa}
Hyundai | &4 ¥Hd 2% 24 BAE A 45 4% AF A2 2% A7 AA F3 A7 A% ofd A8 A
Motor AA A AR AT F8 T5 T4 7 AGE AL XJEE 2t Ay T7} A iéJJ F2; she e
Ao Sy ﬁ*} 7Ve = AAY 3 BA H L}EPH IH%? ot §¢ v S W Rof HlS Hg}
AEAE S AR QW AT AT 8 ol f €& dF A A AF H= 437} 2239 FQ dlo]
BE 3= s Fe IF
(Table 3) The final neutral terms (B = 3)
Stock The final neutral terms
A ZEE AF IT 71% 7Fs 7 AYAIST A4 371 7% 71€ &o] Eupd Fof ma A8 A A&
Samsung | A AHl2: AEo] de] ofFE JA o] F 0|2 A& Mg Fx FE ZA] ] Hrt A A 19 25 AN
Electronics | 249 714 YA g 2d B k4 Al AP *P’* AVJ ial O 2 AR A AdE Hu 7}11113} zgn|
o k2 YA Fr ARA ?ﬂx}
Hvundai | e Bl AoiAHE) 14 SUV A4 71E Bd B4 B AF AR QA A8 AT QgD A 24
l\}jllz)rtlorl Ao AL 7hs A AAY 3 YA W got B9 B3 v Zok HF Hlsh AdEo] 92 dE dF

Ae Az W} e spolnels a9l 3% dAojH
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F suve w 20163 3FR7] ARIAES

= L
SUV A& &0l S7F st vk ks 4
s

(

o

B AFE 2016'@ 62 A lA KOSPI A7}
TN 7E A9 107 F5S AR
1999 25 2016 29 1932E 20161 59

N

31E7HA AT 2 S voly s
£ 53 olFo Homw, RAlA N2H4 H7|A &
3+-2-3} 9 th(https://github.com/forkonlp/N2H4).
KOSPI Al7FE9 9] 107 T5L 7=
(005930), ¥+=172(015760), & H=}005380), &
o) 1] 2~(012330), oF=#H3 A|F(090430), AH3
E4H028260), NAVER(035420), SK3lo|y2
(000660), AH4d487(032830), POSCO(005490) ©]
o} A A AR F(005935)2] 73 A A A}
o] FARGE F=210]7] wiiEol o] & AlYstal ok

<
=9 74 TES 2Pk 10709 TH= A

4.1.1 FI M4

471€(2016/02/01 ~ 2016/05/31) &+ F2
Zrol Mg e F 0ol g5 JFo=
7] 60, Hl2E Aoz Umx| 2098 g
At "oy =3 A7le] F7} A<, shEre
$7F Bl 7 2ok 3 ggtrlel Bkl
< ALk, F7F Ao stEtelge F e
7 E 8] 2 733U tH<Table 4> #X).

B >

o
o

m; oM,

(Table 4) Number of data except for steadiness

Stock Number of days Number of news

Train data Test data Train data Test data
Samsung Electronics 58 20 24,715 6,580
Korea Electric Power Corporation 58 20 4,978 1,863
Hyundai Motor 54 18 8,729 2,518
Hyundai Mobis 53 18 2,038 668
AmorePacific 58 19 3,341 1,152
Samsung C&T 53 17 4,571 1,062
NAVER 56 20 13,320 5,054
SK hynix 53 18 2,700 782
Samsung Life Insurance 51 14 2,053 567
POSCO 60 16 7,779 1,863
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(Figure 1) News article search screen

HEY O AIF M OLEPC' 2290MH 0| EA =Haes (24 2k
HEENC 22278 2EF O HAIE PC MY OLEPC'E S4]
PC= EME(E5 MER 71 E Wl A3 EPCE 80% B 32|CH £ 1674
o2 EEEIC =20y AT A EA FHFRE S 360%..

doltss G
THOED 2RY WHEICH &4 OlE
MAro| |ED Q0| Ch4 24A] &

HHAEA HEE OlATE Y OLEP JDMNet Korea  12A12HH W O[H =4

ojziol PCY-EEALOLEPCT W& CIAZH[ZEl  12A[7H W[0[H F2

HHAEX BEF CIAY OLEPC Eh=ZA AAZHE OB E A

HAEHA 2EF CIAY A ofERC - o2 A GAlTRE dlofH s
2ARA 60 JHEI>

(Figure 2) Duplicate news article

4.12 2310l FA

F7F dS5S AT 22l e gl Y 28
ALl ERI Hlo|H & Fall 3kt <Figure 1>.
oA S0l A F43 #HH w2 74
R3] fElA =9 o] 5ol sdste 4t
AAE 7|9 ER 3t YEhes BE 528
stk o, Az}, NAVER, POSCO2] 7
Zkzy A AE AL vlolW, 25171 Y%
e AS aEste 719EE &

7IAHE AT

3

“

47} EARE ST W8 7T FE H
o] A} dE E°] <Figure 2>9] A AA7}
OLEPCE AT & 71 A= A&, ZDNet

Korea, A EH| Y] oA 2L 727} HH&
o2 FAsAY. FHEHE 7IAME AASH

23] ofn] £4F Fr2 714

o
ar X

B ATl A AsE 724
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G| Fol Z83HTh SVM(Meyer et al, 2012),
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(Table 5) Prediction accuracy

The word selection method The word selection method
based on sparsity based on structure
Stock SVM Boosting RandomForest SVM Boosting RandomForest
Samsung Electronics 0.60 0.45 0.60 0.60 0.65 0.60
Korea Electric 0.60 0.50 0.60 0.60 0.63 0.60
Power Corporation
Hyundai Motor 0.60 0.66 0.70 0.60 0.66 0.60
Hyundai Mobis 0.40 0.50 0.60 0.70 0.77 0.70
AmorePacific 0.50 0.57 0.60 0.60 0.63 0.60
Samsung C&T 0.50 0.64 0.70 0.50 0.70 0.50
NAVER 0.70 0.60 0.50 0.70 0.70 0.70
SK hynix 0.40 0.50 0.50 0.60 0.66 0.60
Samsung Life 0.60 0.78 0.40 0.60 0.78 0.60
Insurance
POSCO 0.40 0.56 0.40 0.60 0.56 0.40
Average 0.53 0.58 0.56 0.61 0.67 0.59
Boosting(Tuszynski, 2012), RandomForest(Liaw . A=
and Wiener, 2002) &3118]&-S &85} Table 4
9] k5 HiolHE 7M1 g5 23S A5 B AT= AV 39 10709 59 7
o, HZE HolHd Z§3td AHIE ZIAE 7, B4t U T8 dSEE At
(accuracy)E =43t 35 2y AL HHE F7F 55 d S S dol-A mE= 2 7|
Al FAAFE AAH AAE Ao WFE & o] BF EES F&3i3on, dol-ZA nE
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Abstract

Stock Price Prediction by Utilizing Category
Neutral Terms: Text Mining Approach

Minsik Lee* - Hong Joo Lee™*

Since the stock market is driven by the expectation of traders, studies have been conducted to predict
stock price movements through analysis of various sources of text data. In order to predict stock price
movements, research has been conducted not only on the relationship between text data and fluctuations
in stock prices, but also on the trading stocks based on news articles and social media responses. Studies
that predict the movements of stock prices have also applied classification algorithms with constructing
term-document matrix in the same way as other text mining approaches.

Because the document contains a lot of words, it is better to select words that contribute more for
building a term-document matrix. Based on the frequency of words, words that show too little frequency
or importance are removed. It also selects words according to their contribution by measuring the degree
to which a word contributes to correctly classifying a document.

The basic idea of constructing a term-document matrix was to collect all the documents to be
analyzed and to select and use the words that have an influence on the classification. In this study, we
analyze the documents for each individual item and select the words that are irrelevant for all categories
as neutral words. We extract the words around the selected neutral word and use it to generate the
term-document matrix. The neutral word itself starts with the idea that the stock movement is less related
to the existence of the neutral words, and that the surrounding words of the neutral word are more likely
to affect the stock price movements. And apply it to the algorithm that classifies the stock price fluctuations
with the generated term-document matrix.

In this study, we firstly removed stop words and selected neutral words for each stock. And we used
a method to exclude words that are included in news articles for other stocks among the selected words.

Through the online news portal, we collected four months of news articles on the top 10 market cap stocks.

* Department of Information and Industrial Engineering, Yonsei University
** Corresponding Author: Hong Joo Lee
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We split the news articles into 3 month news data as training data and apply the remaining one month
news articles to the model to predict the stock price movements of the next day. We used SVM, Boosting
and Random Forest for building models and predicting the movements of stock prices. The stock market
opened for four months (2016/02/01 ~ 2016/05/31) for a total of 80 days, using the initial 60 days as a
training set and the remaining 20 days as a test set. The proposed word - based algorithm in this study
showed better classification performance than the word selection method based on sparsity.

This study predicted stock price volatility by collecting and analyzing news articles of the top 10
stocks in market cap. We used the term - document matrix based classification model to estimate the stock
price fluctuations and compared the performance of the existing sparse - based word extraction method and
the suggested method of removing words from the term - document matrix. The suggested method differs
from the word extraction method in that it uses not only the news articles for the corresponding stock but
also other news items to determine the words to extract. In other words, it removed not only the words
that appeared in all the increase and decrease but also the words that appeared common in the news for
other stocks. When the prediction accuracy was compared, the suggested method showed higher accuracy.

The limitation of this study is that the stock price prediction was set up to classify the rise and fall,
and the experiment was conducted only for the top ten stocks. The 10 stocks used in the experiment do
not represent the entire stock market. In addition, it is difficult to show the investment performance because
stock price fluctuation and profit rate may be different. Therefore, it is necessary to study the research using

more stocks and the yield prediction through trading simulation.

Key Words : Stock Price, Neutral Terms, Text Mining, Online News
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