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8} (Multiple Kernel Learning)©] 2 A-8-Hth
(Deng et al.,, 2011; Li et al., 2011; Yeh et al,
2011; Wang et al., 2012; Shynkevich et al., 2016).
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(Term Frequency — Inverse Document Frequency)
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AF23td (Groth and Muntermann, 2011;
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FHl= TF-IDF 715X & A3t} (Fung et al.,
2003; Zhai et al., 2007; Groth and Muntermann,
2011; Hageneu et al., 2013).
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BE FH3go] BUH, 717 % PHoR
A9 HRod EAE WSS AL 28
dZaT) 7)1z B ATAT EAD Hro|

714 T5& HAFsdrld, TR ol AHg
Aok, gZHoezE AMIXE WE 9Al(Support
Vector Machine) (Fung et al., 2005; Hagenau et
al., 2013; Groth and Muntermann, 2011), K-T%
o]  (K-Nearest Neighbors) (Groth and
Muntermann, 2011), U-o] B #|o]= (Naive Bayes)
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et al., 2011; Wang et al., 2012; Shynkevich et al.,
2016). AEE WE #23} GEA g 714
Z Aol= AEE ME HAl2 shuel 545 7t
A& HolEwe A8 ¢ glou), tEAYst
e MZE W A9 s AdS gt
of el 23t PO s HolHE FAl
A4E 5 gtk et

SEAds o83 ATEY AL T
I} 2T} Deng et al. (2011) olA= o7 71#] <

ARE FHS e dZHE Axge 7

34T & HAE HolE, HE & 58 A
B3t 22| ol oA ks Mg =
& 3t gEAGEEFES sk o, o7 o

W



Hrg - olg
E HTFES AHESt JAX = Aol 9 AdE o]l EAS /e AALES #HEE 3t
ot o Hojd a32 Bt =3 Wang et al. 2 & A B, #33LE ot e dagE
(2012)°lA= ddH4d 714 7'd(Radial basis o2 g=3 o] €5 AxE RAY
kernel)< ©]-&gk E]'%ﬂ kg S Agste o= mekA] B =0l A= Shynkevich et al. (2016)
o ol @Y ALET ¢ Hold &g NMAYE B3] =4 4y B F2E AA=E F
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Shynkevich et al. (2016) AN A A & 7} &g sk Aol ofd, v £4S Fal 1
F EF AA 7|5k Fol ThE #EAd S 7HA 59 5718k Eole WS 1dste, ¥ =&
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3kt 2ol 3 é—i%‘f‘&ﬁ} 3380 e H2E Abd
Al whalol el e, 34 AE B =
24 33 O 22 24 oA A3 EasyMKL &arg]Eol sl A9
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2OA FE FRE 7P FZAHA B Al <Figure 159 LFeR3lo
<"l 3 3ol th (May et al.,, 2008). EFHA] 28]
S AR o]dH EAS ©ol 7HA= d], o] 31 =A HO|E
o e EAL ZF Al 2Hl nit &9 713 W
sigtct. ojuf, 3 B4 AMESIA BUIs8kE B =FdA AR W] AAE a3t
Y F U3, EPANzEES F o & Bt Ae AE AF3H7] 218t AA HolEE 7HA
| =& 4 Qlt} (Motter et al., 2005). I A ST HolH = 2014 1€ 1€97H
o] 2 UZ3t= A E|Z Cherif et al. (2011)°4] 20164 12€ 31¥€9] 58 w29 7} tolH=E
= A7 74 AEE o] &3t Alﬁl@‘ T33+E 3t o]FolA QUth. w2 ARE F5317] A &
o, AAG S &3k 2E-& ATt o, = o ZHAIE Yo|Ho 554 10719 F



News

crawling I
Company | Features by | |
level company |
|:j Feat | Featw Feat i Model
News articles - Exte;cl:itn ! Se(!E:cti;en repreesi:t;etior- ! i 7 Tra?ni:g
Segmentation L,| Features Oy !
R el | ! segmentation i
| |
Daily Prices *| Data ing Evzliﬁjteit!)n
Koscom
(Figure 1) Proposed Approach
G A 14702 BE T2 AE3 97R e A g @9t olu, AP A8 BE 719
AR 33709 Qe a0 mE 28 AA Zt 7199l slEste 54l 7| <Table 1>
#H w2E AEHEAT ol d=olA UT .
o HE & Y& ULk FE F2E LYY
YR, F§ 2ot viAe JF gk 32 THE B|ALQ| Al
& HolElolT). o] FIzte] A2 Frae F2
B ARAE AT U o)|dAE FAasty
d AL ALkA olHE F 1,397,80071 9% N jL I ; " lﬂﬂ]f ° °H€°£!]
3 2T WelA 23 B ARete] B2
o} w2 HolEe g4 *E“‘Fl‘(%bﬂ], %%, % A % :’H | 14 ot] _']- | EO}O:L; o)
S 2L z= 7 L o1 e =z o
A= gl= oF3l v}Ho] 9) o= e e
Lok #7400 WAL BN T g VS e ee wael An kwes
Fo A g|o|EE 3] o & et
fohon, 429 et BE S emny o0 ACIFIE WIS wAESE e G
_ %Qi b7 Az o H&% EPS-
ol me} wEEL ofF So Yoy nAe] oo o THHE A el o

A8 Agke 715del g 27k o Eo] 1R
o ZAY 2o 1, 150 AT 002 X3
ok SFA R ghare] 4 AR 9Alo) Al 16A]
of 7] wj&oll, 164 o]Fo] U w2 thir
ol Y-S vtk 4L 3,
e Ue FAANE 9Ll 4
AT (Li et al., 2014).
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Falo g2 F&StH  (MacQueen, 1967),
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TE o= WHoE 7 E4S IrhkEster et
al., 1996). =3¢k CLARANS (Ng and Han, 1994),
BIRCH (Zhang et al., 1996) 5°] F& Al&¥
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(Table 1) Up & Down label of the companies

company ot | P | iaber | labal | comany | ggn | et | | e
OCI 1947 | material | 1080 867 Daewoong Pharm. 873 | pharmacy | 436 437
Huchems Fine Chemical 175 | material 94 81 Green Cross 1583 | pharmacy | 830 753
Kukdo Chemical 85 material 45 40 Yuhan 854 | pharmacy | 444 410
Hyundai-Steel 3741 | material | 1858 1883 Jeil Pharmaceutical 155 | pharmacy | 89 66
NamHae Chemical 179 | material | 104 75 Bukwang Pharm. 218 | pharmacy | 110 108
Hansol Chemical 110 | material 71 39 Hanmi Pharm. 3051 | pharmacy | 1212 | 1839
Foosung 295 | material | 142 153 Dong-A ST 497 | pharmacy | 263 234
SKC 1184 | material | 658 526 Boryung Pharm. 583 | pharmacy | 312 271
SKChemical 1276 | material | 653 623 Hanall BioPharma 193 | pharmacy 99 94
SeAh Steel 374 | material | 207 167 JW Pharm. 489 | pharmacy | 231 258
KISWIRE 166 | material 92 74 CK.D 1200 | pharmacy | 625 575
KiscoHolding 762 | material | 387 375 Yungjin Pharm. 171 | pharmacy | 84 87
Korea Zinc 619 | material | 378 241 Ildong Holdings 46 | pharmacy 30 16
Ssangyong Cement Industrial | 390 | material | 258 132 Hanmi Science 610 | pharmacy | 267 343
Lock&Lock 652 | material | 381 271 | Dong-A Socio Holdings | 309 | pharmacy | 126 183
Korea Petrochemical Ind. 190 | material | 95 95 1I-Yang Pharm 303 | pharmacy | 180 123
SamKwang Glass 176 | material 80 96 Kwang dong Pharm. 721 | pharmacy | 410 311
Young Poong 970 | material | 441 529 CJ CheilJedang 5828 food 3019 | 2809
Hanwha Chemical 2088 | material | 1116 972 Samyang 342 food 190 152
Poongsan 1112 | material | 593 519 Ottogi 2087 food 1100 987
Lotte chemical 2992 | material | 1515 1477 Hitejinro 3764 food 2008 | 1756
DongKuk Steel Mill 2079 | material | 1081 998 Namyang 1375 food 800 575
Taekwang Ind. 327 | material | 150 177 Muhak 1981 food 926 1055
SeAh Besteel 362 | material | 200 162 KT&G 3349 food 1803 | 1546
POSCO 1022 | material | 509 513 Nonhshim 4093 food 1990 | 2103
Kolon Ind. 972 | material | 481 491 Farmsco 236 food 114 122
LG Chem 6717 | material | 3592 | 3125 Orion 2915 food 1473 | 1442
Lotte find Chemical Co. 178 | material | 108 70 Samyang Holdings 309 food 207 102
- - - - - Dongwon F&B 1528 food 752 776
- - - - - Lotte Chilsung 2932 food 1472 | 1460
- - - - - Binggrae 1205 food 544 661
- - - - - HiteJinro Holdings 127 food 61 66
- - - - - Lotte Food 1737 food 893 844
- - - - - Lotte Confectionery 3937 food 2154 | 1783
<= AR AL sk, K- 2 2E P ofs) vd oS
K-Aa 23 242 whef delBE he &8 §=(S,,S,,S5,.., S & o, LueEL

Ho = e Zlolth HlolEE X1, X2, X3, -
olgkal stal, L=

48

Xn

M1, Uy e,y uka'

o3 2t} (MacQueen, 1967).
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Z, K%+ w3 42 739 S O 7
ol 3 tlolHEY AdE Hishste= W
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27138 AL HolHdA FARE Shte
ZFAS 123, 1 FA 0 2RE 74 77ke
olElE#9] Ag Dx)E T3 F, ohE HlolEE
D)ol HEEhs 715 B35S Fo] 29z A
2L FAOE T o]9 e AAH LS wHES)
kN FAS AET ole} 22 233k A4
d12ES k-Hd++HArthur and Vassilvitskii,

2007)°lg} st=Hl, k- ++= HlolE 7} Bopd
TH AZro] Tt o2 wol Aee k-
7 7 B4 ZAHE Aol & =&
A= AU ALE A8l k-B++S AR
shaAtt.

Si = {xp: [%p = mil| < %o = wll. Vi i £} ©3)
o5, A 2L A4S, EHol T &

v, Q)F BESHE L Fock

-ll*

K- 3 £42 Aldgstr] e, 2 719
& 7Hd AE AAsoF sk, olZle] T
A A9 i sE FollA 7 a3 A4

©|TH(Jain, 2010). * Hﬁ]%‘v‘:}"* (Latent Class
Analysis)? Zo] FAHORE fojn|g 3¢
MNeEE AATE % J°oH (Lazarsfeld and
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(Table 3) Experimental results for the MKL approach

Food Expenses Pharmacy Material

poly 0.6060 0.5964 0.6262
rbf 0.6004 0.5881 0.6245
lin 0.5937 0.5995 0.6155

Individual level 0.6009 0.5961 e — 0.6224
Ir 0.5933 0.5995 0.6155
p 0.6060 0.5964 0.6262
Ip 0.6061 0.5959 0.6266
poly 0.6124 0.5935 0.6242
rbf 0.6025 0.6097 0.6299
lin 0.6025 0.5992 0.6198

Sector 0.6075 0.5979 EEE— 0.6236
Ir 0.6028 0.5991 0.6198
p 0.6124 0.5935 0.6242
Ip 0.6128 0.5924 0.6240
poly 0.6044 0.6006 0.6249
bf 0.6019 0.6081 0.6224
lin 0.5906 0.6016 0.6114

Group K= 2 0.5997 0.6021 EE— 0.6199
Ir 0.5904 0.6016 0.6114
p 0.6044 0.6006 0.6249
Ip 0.6030 0.6003 0.6246
poly 0.6054 0.5988 0.6343
bf 0.5974 0.6027 0.6276
lin 0.5996 0.6067 0.6218

Group K= 3 0.6021 0.6021 ] 0.6291
Ir 0.5996 0.6067 0.6216
p 0.6054 0.5988 0.6343
Ip 0.6046 0.5990 0.6340
poly 0.6079 0.5992 0.6468
rbf 0.6011 0.5993 0.6241
lin 0.5896 0.5941 0.6223

Group K= 4 0.6002 0.5972 E— 0.6348
Ir 0.5896 0.5941 0.6223
p 0.6079 0.5992 0.6468
Ip 0.6051 0.5971 0.6467
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Abstract

Online news-based stock price forecasting
considering homogeneity in the industrial sector

Nohyoon Seong* + Kihwan Nam**

Since stock movements forecasting is an important issue both academically and practically, studies
related to stock price prediction have been actively conducted. The stock price forecasting research is
classified into structured data and unstructured data, and it is divided into technical analysis, fundamental
analysis and media effect analysis in detail.

In the big data era, research on stock price prediction combining big data is actively underway. Based
on a large number of data, stock prediction research mainly focuses on machine learning techniques.
Especially, research methods that combine the effects of media are attracting attention recently, among
which researches that analyze online news and utilize online news to forecast stock prices are becoming
main.

Previous studies predicting stock prices through online news are mostly sentiment analysis of news,
making different corpus for each company, and making a dictionary that predicts stock prices by recording
responses according to the past stock price. Therefore, existing studies have examined the impact of online
news on individual companies. For example, stock movements of Samsung Electronics are predicted with
only online news of Samsung Electronics. In addition, a method of considering influences among highly
relevant companies has also been studied recently. For example, stock movements of Samsung Electronics
are predicted with news of Samsung Electronics and a highly related company like LG Electronics.These
previous studies examine the effects of news of industrial sector with homogeneity on the individual
company. In the previous studies, homogeneous industries are classified according to the Global Industrial
Classification Standard. In other words, the existing studies were analyzed under the assumption that
industries divided into Global Industrial Classification Standard have homogeneity.

However, existing studies have limitations in that they do not take into account influential companies
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with high relevance or reflect the existence of heterogeneity within the same Global Industrial Classification
Standard sectors. As a result of our examining the various sectors, it can be seen that there are sectors
that show the industrial sectors are not a homogeneous group. To overcome these limitations of existing
studies that do not reflect heterogeneity, our study suggests a methodology that reflects the heterogeneous
effects of the industrial sector that affect the stock price by applying k-means clustering. Multiple Kernel
Learning is mainly used to integrate data with various characteristics. Multiple Kernel Learning has several
kernels, each of which receives and predicts different data. To incorporate effects of target firm and its
relevant firms simultaneously, we used Multiple Kernel Learning. Each kernel was assigned to predict stock
prices with variables of financial news of the industrial group divided by the target firm, K-means cluster
analysis.

In order to prove that the suggested methodology is appropriate, experiments were conducted through
three years of online news and stock prices.

The results of this study are as follows. (1) We confirmed that the information of the industrial
sectors related to target company also contains meaningful information to predict stock movements of target
company and confirmed that machine learning algorithm has better predictive power when considering the
news of the relevant companies and target company’s news together. (2) It is important to predict stock
movements with varying number of clusters according to the level of homogeneity in the industrial sector.
In other words, when stock prices are homogeneous in industrial sectors, it is important to use relational
effect at the level of industry group without analyzing clusters or to use it in small number of clusters.
When the stock price is heterogeneous in industry group, it is important to cluster them into groups.

This study has a contribution that we testified firms classified as Global Industrial Classification
Standard have heterogeneity and suggested it is necessary to define the relevance through machine learning
and statistical analysis methodology rather than simply defining it in the Global Industrial Classification
Standard. It has also contribution that we proved the efficiency of the prediction model reflecting

heterogeneity.

Key Words : Stock prediction, Text Mining, Machine Learning, Multiple Kernel Learning, Clustering
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