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[Abstract]

In this study, we analyze how stock trend determination affects trend prediction accuracy. In stock
markets, successful investment requires accurate stock price trend prediction. Therefore, a volume of
research has been conducted to improve the trend prediction accuracy. For example, information extracted
from SNS (social networking service) and news articles by text mining algorithms is used to enhance the
prediction accuracy. Moreover, various machine learning algorithms have been utilized. However, stock
trend determination has not been properly analyzed, and conventionally used methods have been employed
repeatedly. For this reason, we formulate the trend determination as a moving average-based procedure and
analyze its impact on stock trend prediction accuracy. The analysis reveals that trend determination makes
prediction accuracy vary as much as 47% and that prediction accuracy is proportional to and inversely

proportional to reference window size and target window size, respectively.
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I. Introduction

=ofxl Mg &t AHYEAY|S (information and
communication technology)?] 2510 2 ARFES A
FAAYE T 5 A EleH, st BAtg 14l
A2 4 710l W2 ARdo] WAlZ 7HR|AL EXof| Alofstal
ATH[1]. 22 FAlE AP A AdeA0lA] Ytk A
OlUr Z 27} ¥l tigt olsivt £&sY A EIT B5
ot B ARE FAR AR B8 QlofyE & Ql [2].
et FA) BEARRRRO] FEA FARE v A2
(trading system)?] B Q/J0] =olx|A| =[QIT}. 121l =
L& 2ol WAEE7] YA HeljA|AElo] ZHs|of s Al
7159 ‘ML 719 A= ﬁ%}ow A&st= Aot
AFGARE oYzt
SAOIM = st A7t 78 3 %C’Jtﬂ AN59 7Hs/d
o] ol A=A obAl ¥re{ Al vt gltt [3]. A+ 719
v 288 AN F7te B 7HERE RS whget
= §88 AR 712 (efficient market hypothesis:
EMH)T} Z710] Wl 7o) ofd mjel] Suxoe
SAloltt= AMF A3 o] (random walk theory, RWT)

of oJste] 7t ol 52 e o2 o 52 il sl

H.I

ol

%
>

3 a88s A1 Al ARSI (4. 2Ey el
ole} g2 Al FAGH= At wmEn Qo

F7he ls] At Zlo] opyet vl
& (nonlinear)o]i A (dynamic)ol2tyl Aol
[5], Lei et al.& EMH7} AEE|R] o= A2 EXisHH
o] AFolMo] 27h= ¥Rls] sHHo] ofYzt dl&0] 75
shchal AT [6]. ESF Oztekin et al.& AlSA|AF
(emerging market)oj|Ad+= AR 0 2 Ao AzligF, ATl
Aoz 3 Y SE (information flow) & F7} o=
o] 7=ttty 1Yt [4]. E3F Zhang et al. &= AlSA|R}
2 9is] @89l Aol o] mhzo] vjefe] Z7} of
20| Fhsaittn FAFsIgCt (2],

Kumar et al.&

F7lol50) AR koln FAAN) UL kol
O 2002 ] 3 F2 £ U1 FRY BA

o] AREE ot A WHR
(fundamental analysis)C.& ZA19] UAA (intrinsic)
7RIS A5t 2715 dlEshe oz, shig @AY
AEAE (finacial statements), AAAL} 74A1Q] A=
AAZA (macro-economy) 27 58 yasict F ¥
M 8-S 714 BA (technical analysis)©g Z71o]] o

[Rl=0] #7h Aol 59 ol Aofeol o
ol A5t S Aofal o] F o]&st

3}

OIA

R
i i
= rlr

of 271& dl5sh= Yoot 42 sl 71 Al
o 2HE o8] 71X] 7] R (technical indices)E 5}t
of ARG

Jeju 7|24 24 W2 Al 7HA] odol ot A
Ht E*—*.Oﬂ AFEE] = AEO| @77 Al & AT+ 740]
T M= ARRElE AEQF 27T Alo|Q] ARIEAZE
%Urt Biol gtk Ao, A WiAMl= Aol
semi-strong form efficient AJ&o]AY strong form
efficient AlZdo]2t@ EMHo|| oJsiA] 7|24 24 w2
20le wAlsE A 9lrhi Ao}, E3 7]&A BAo] of
A2 weak from efficient A|AAE QA up7 Z719}
Mok 1245t gJAto] oist R F5] 125K
&%= g AT [7].
01313& 712A AL 7]eA 249 dAoe E+tst
A HE 2 AlS 271 o 50f A= Qlet. 11 o]
T OW 7]%@4& EMH7} oA AEER] = Al
o] H]dg dlolEjollA] afje-Z Ao}
) 717113# (machme learning) 7]¥=°] A+
B 7ls9 ¥ros 1 & HOIF YolRr] wiEoltt
[7][8]. AA= 7|24 A, 7]1=eA 242 71AS 714
1 A A EolH g0l Qs ARRE|ojA] 1L glon, 7]
A 7|1AlsN S 29o] A ARRE|OjA] L 9Tt [9].
ZIASSols B2 gaeEo] et Zeldle
=2]'d (deep learning) ¥2}&-2 o]&sh A7t o]
SEET 9Tt [1,10-11]. o= Faido]l FRIAl [12],
Atdol &2] [13], 22|11 ABE7d st Fof [14]oA Hoj
U ds2 B0 2A A BN E 2 dse B
Y Zol2tal 7]dfE]7] wizoltt. E5h 7|2 BAR J]e
B0 ARRYE A E U 27} KAIE EA (feature) =
ARt} Z1AES RS Tre = 97t diERolld,
ZHlole A4 SNSo| g2k 258 HAE opodS
ARgSl deAdE sk U [15], 223 Google
Trendstt WikipediaollA] 7AA%l thol 2 o] 85H= 32t
E44] (crowd-sourcing) ®H4 [16]0] AlEAl Aot 1L
ATk 71 FFE oFchs U 7189 olsE+-Z ©f
ok U 50l QAR 7|AISE olgsto] 271e] 7
T2 oI5che A2 AFO] ol 58S B o&5sh=
ofujzt Atgo] WA 4 gl djolEfo]] WixjE X
ol&sto] & ¢ 059 AL S 0| LA} Foloh
71ASNEE 71 A diF0l o]8shr] o=
St HAE HlolHE sk 2F S (feature
vector)?] 20| (label)Z A7Jsllob stt{, YRHHo=
A 1k shl o] goleR ARSEIn). Teja tjREo] o
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determmatlon)% A
AL o vluEs &7
o] B¢ ARZ W =9 FUit v &7
td, o] 495 "Ll F7t (tomorrow price)/ -
27} (today price)’2 BJHSIUCE & =FoAE 4ol
e WYY P dlE9 il Eﬂ’é}%l (target
value), 12|11 Fof| 9l Q59 F71 & 2] 7|E0]
TX 7)1&3t (reference value)' @2 35122 i},
HoA = 2 AR W2 =woflA dFes YdY
Z7ME, 713302 Q59| =712 ol8sto] Ak AA
st Qlot. vk [6lofle tidte® &9 ndo 27t
HA3 (Avg. price of next n days)g, J12]1 7|&30
2 Q959 VIS o]gstltt. [19]0A tide &%
U9 7t Hattoll 7IEE =&t A nYe &
7} W3 (Avg. price of last n days)o|th. [32]014 Of
Fa g9 Frtolal 71Ee esxe 1 ndY
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7}7(] q% 75]6(‘}%}:0] 7217352] _/F_ Olq
Hoj 9 =R5S B BY, JJEPORE 050 &
7Pt 7b B0l AFBEISL0D] (77%), clEZtoRE Yo

F7PE 7V wol AF8EIoIch (68%). ol A%l 2
of 22 AR chyzlat 71E7ke] ok 2e
7A4% 2Auhio] A=Al 23k 212 ujgic 1)
T ohE A% 2ol AEsole g shx| Wlsto] A
Se]o] AHGEIIS W, Aol Lepoz Qs Ale
ol Alchz. BAEiA Rk tepd O 4% 29y

rE of

9. 1 AT ANE oA shslof sheA
@ % gict. H20] ZEE d599) 48e o of
= o

%2 %0, of Aol we} oo st

=} 27 gebl A ok gepd B R 50}
A 2RO A8Si e olAgE HeIE

Folol5 BEEsh we JFe BustuAt Bk

Table 1. Stock trend determination in recent papers

Ref. Year Trend determination (target/reference)
[1] 2019 tomorrow price/today price
[2] 2014 polarity of excess return
[3] 2018 tomorrow price/today price
[4] 2016 tomorrow price/today price
[5] 2016 tomorrow price/today price
[6] 2015 Avg. price of next n days/today price
[7] 2018 pattern-based
[8] 2016 tomorrow price/today price
[9] 2018 tomorrow price/today price
[10] 2019 tomorrow price/today price
[11] 2019 price in 10 min./current price
[17] 2010 Avg. price of next n days/today price
[18] 2010 tomorrow price/today price
Avg. price of next n days/
(191 20m Avg. price of last n days
[20] 2011 tomorrow price/today price
[21] 2015 price in n days./today price
[22] 2013 Avg. p.rice of next year/
Avg. price of current year
[23] 2013 tomorrow price/today price
[24] 2014 tomorrow price/today price
[25] 2013 tomorrow price/today price
[26] 2003 tomorrow price/today price
[27] 2013 tomorrow price/today price
[28] 2014 tomorrow price/today price
[29] 2012 price in n days./today price
[30] 2014 tomorrow price/today price
[31] 2000 tomorrow price/today price
tomorrow price/
321 2015 Avg. price of last n days
(33] 2010 Avg. p.rice of next quarter/
Avg. price of current quarter
[34] 2009 tomorrow price/today price
[35] 2011 tomorrow price/today price
[36] 2018 tomorrow price/today price

III. Analysis

1. Analysis setting

A0 ARRE= AL gt AR,
vector), A&]2] (pre-processing), Sk
&, 292 27t JF olF00 ARREE
o Jelstict.

B0 AMREE dojElE 20099 % E 20183714 10

AHE] (feature
/25 dole] £

LA

=715 Table 2
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d ZF KOSPI200& BIEste] /At 71929, =4
3, RH| 20 24 o[BS = AHefia AL EO A U]
2ftot ARgSIInt. o] FAES AdHet olje o] FAE
o] FARIEO] FEshs ti7 |Gt 57192 S| HiE
o olz= 249 thde= sk Zlo] 4= <furt 7] o
Zoltt. Holg g S e s & 4¥Y
Hl&2 U 27t Zloltt. 27t 3 52 50%H
9] & Fert Yo 497t w24, wef s
£0] 55%0°]1L 5t} 0] Hgo] 45%2fH ofF0] VS o7
R s ol 55%9] F=EE THAl= F97T AR of
S YA Slslol T AP ¥R UV Y
C}. 7F 4] Hlo]Ee] 70% o]l ARSI Loix] 30%
= 45802 ARgolitt. EAWH (feature vector)=
AL 71 AL St Al e 7l A g
o 712AI RS Aslstel & 277] Exo= P
a2) 2} SPEE 2 -1 1 Ajol2 2sp] 9t
o HSkE 2ASIAL oI5 3 BRI £ B3P
ollSollAl Eol AFEl= AZESEUA (support vector
machine}e AHGalgich. MEEMEDAe] AdLat
RBF (radial basis function)S ARSI

Table 2. Analysis setting

Stock data
(2009 ~ 2018)

KOSPI200, Samsung electronics,
KEPCO, Mobis, Industry bank
Training: 70%,
Validation: 30%

Open, close, high, and low prices,
volume, stochastic %K, stochastic
%D, slow stochastic %D,
momentum, ROC, williams’ %R,
A/D oscillator, disparity5,
disparity10, OSCP, CCI, RSI, ROV,
EMA, MACD, MFI, MAO, VROC,
MAs of {open, close, high, and
low prices}

Data partitioning

Feature vector
(27 features)

Min-max normalization (-1 ~ 1)
SVM (kernel = RBF)

Preprocessing

Classifier

2. Analysis of stock trend determination

2.1 Formulating stock trend determination

2719 A= oI55k flslixe WA e gojE #
B129] 73%o] JollAof shet] YutRlog 2710] Ay
3} sl o2 AgEc 7 welo] Y4t sk ARt
) gsiNE 2 A 9 3o Fts 1Eg
(reference)2, 12]11 0|j9] 712 TJAR) (target) 0=
1 opgzlo] 7133kec) of 39 g502 Ao sz
02 W) Table 10] T =2S0IA AH8E =
7o) 3% A% WS Table 30 Helsieich

Table 3. Reference and target pairs used in trend
determination (summary of the papers in Table 1)

Reference Target Ratio
, . . Tomorrow’s closin
Today’s closing price . 9 65%
price
Average closing price | Average closing price o
10%
of past n days of future m days
, . . Average closing price
Today’s closing price 6%
y 9p of future m days ?
Average closing price Tomorrow’s closing o
. 3%
of past n days price
Etc. 16%

Table 304 & 4 9i%0] 7|FOR F 77| SR
S (2591 371, 171 n FF37h, 2w ohzto e
© £ 559 UE (U9 371 §F nd BTNl 52
A1gEU. 5 5 U] 1Rl £8S0) 150, o] A%
2 RAE A7) 84%01A AL WHS LehE 4 oIk

S WYtk YHg Yislel B 1 2Lk

if RMAn < T.MAm, trend = "up’ (1)
if RMAn > T.MAm, trend = "down’

o714 RMAnS 9L 3} 3 nY 52
ol gt
(reference)& 2JU|stal T.MAmE th3'd g mY &<
o] Al B7} o|FHH R AhtEl= TRt (target)S
S3Rith ol g S0 RMAIR 715302 B9 718 At
83t ojujolt, T.MA3S thed ugh
Al B71 ols B2 U e g AREstt= Qjujo|tt

oz 7L W AMEE = dlolEle] T YER
+ nit mo] 180} 2 o]l nut mo] 191 7-9-9F vlw
2 O 7]Eaht ti/dgto] A% (smoothing)H &7}
lovg ZAl Hlolgjof] UYRjElo] 9l wo] A7} 74t
27} Qiot. wekA wol=of olsf F71e] 4ol U
LaU]s o] HAst, sYg Bl A&
SI&7tF Z713te) Fig. 1o 71839 o582 ol
o AFEEl= A= 271 (Rwin)t T3] ol 53
2 o=t AMREl= A=99 37 (T.win)g HEA]

Y43t o] AEEE Bt SlaE LRSI
oA 7l 2A19] Hdtgtolw Fig. 1(a)= Rwin
AZ13 Towing WSHAIZ] JefjLo] 1 Fig. 1(b)x=
AAZ1AL Rowing WHSIAIZ] e Lo}, Tz
iyt T.wino] A% A&E= 31471 571
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(a) When the reference window size is fixed and the
target window size is varied
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(b) When the target window size is fixed and the
reference window size is varied

Fig. 1. Impact of the averaging window sizes on the
length of the same trend sequence

% ol YeQ lo) w2 wale] |t of 2
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AL Towino] 308 Z71s off o] AE|= tojg 4
9] 7iaE A HlolE9] 7i4eto) ez UERH Zio]
o 2ejmE 8u AR B/t Fvlee Aot ARe
= 7ao] M|t ¥ go] bkt A L 4 Uk E
gh A" 9wQo] 377 3 vAH Aw9o] 7|7t

o 1w O OO0 v A
7 O S S 0] o a S
= YAHC 1 olgt A3 Mate] 9S04 av
T
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Impact of the averaging window sizes on the
trend conversion ratio

Fig. 2.
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2.2 Impact of trend determination on prediction
accuracy
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Fig. 3. Trend prediction accuracy when the target window is varied and the reference window is fixed
et B (Twin)] 3715 1, 3, 5, 7, 92 BIghA[Z ISkl Aotz A&ert HojX|u, Rwinol AAXH
O gz Wetkg ¥oFi oy I3 Fig. 4= w9 ¢ W2 FEE vigoR HYS sk Zlolnz

Twin& 1745k, Rwing 1, 3, 5, 7, 92 W32 o
At o] HetE W3y ity R wino] IAE|AL T.win
o] Wotel 249 Rwinol 12 1Al A9 Ay
Twino] 3717} £71eHh2 Aster) etop]) 2 4asts
20| W, & Rwinol A=Y, 7MY =2 9
% RS ) YN P AL Twinol AHGElo]

o 1w

r

of sttt ¥t 2 Twino] VAT 1 R.wino] Wty 74
Rwinol 71245 Aexrt $716k= 7o) #adH.

5 OI5sIaLA} st Towino] 2=, 7MY &2
= e 2 A7) QA= 7HF 2 R.wing o] 8s5fjof §t
[;}‘. —1—01'6}“1] K. VV]HO] 7}\K1‘ =3 TW]HO] 7}\K]’ K}O 7:] o

o 7M =2 A s 42 4 ok T2tA Rwindt

Twin 23F & Rwin°] 9 (P& 2 R.Win)o|1l T.wino]
P e Twin 1 7 s §ees) dolm

ol Twino] #A|H o © Djfie] ZH#] of| 52 ool

At Saple 2oz e 4 otk ol A7t
M Fig.l(a)olA] R.wino] 12 1XE|1 T.wino] Hat=
o} BEHE} 7745k TElo] B o Zo] ok A
= ool gtk 5 A AR (050) F7HRo 4]
2R tjgo] Ao} dasts HRS wolsA £
she Aoz AZMY 22y Rwindt T.winol AR5
ulefe 7o) Rwot of o gLk SN WFS At
st Ztolol, BuE oj&slo] Ues] oIzt (+1 Tk -
g ZRste Zolee Auol oggo] kot Y
2o gl TS SVM Zuelso] S5 §9) RS o
=71 Glzoll AHSE BT oA SVM 2o 9=
Al 471 ol gepd & o HYRt 240 B ast
o, b Roly 7|57t Y59} chyZt YE Qo] 27}
27t B oE e vlRls FFE AT A Wy

ol EAstelw gt




A Study on Stock Trend Determination in Stock Trend Prediction 41

~B-KOSPI200 —#—Samsung —#—IndustryBank —-<—KEP ——Mobis =@i-KOSPI200 =#—Samsung ==IndustryBank =—=KEP =dr—Mobis
0.85 0.85
0.8 0.8
0.75 0.75
0.7 0.7
0.65 0.65
0.6 0.6
0.55 0.55
0.5 0.5
R.win=1 R.win=3 R.win5 R.win=7 R.win=9 R.win=1 R.win=3 R.win5 R.win=7 R.win=9
(@) T.win = 1 (b) T.win = 3
=8-KOSPI200 =#—Samsung =—#=IndustryBank =-==KEP =—ir—=Mobis —B-KOSPI200 —#—Samsung =—#=IndustryBank ==KEP =—t=—Mobis
0.85 0.85
0.8 0.8
0.75 0.75
0.7 0.7
0.65 0.65
0.6 0.6
0.55 0.55
0.5 0.5
R.win=1 R.win=3 R.win5 R.win=7 R.win=9 R.win=1 R.win=3 R.win5 R.win=7 R.win=9
(c) T.win = 5 (d) T.win =7
—B—-KOSPI200 —#—Samsung =—¢—IndustryBank =—KEP —a—Mobis
0.85
0.8
0.75
0.7
0.65
0.6
0.55
0.5
R.win=1 R.win=3 R.win5 R.win=7 R.win=9
(e) T.win =9
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2.3 Analyzing prediction accuracy from the gho] gl= HIAE HElZo gt Zitoltt. o] Figho]

perspective of label change

A 2ol wisty 7} glolg HE 9] golE (7
61:)0] I:J—ap(]—l 7&;_}7(4% oﬂi
1 2 RS AREShE o] I WA €4 L
2Lt o] gl tislt Eot 712 olshE 7] HsiMe o
2 WHoqe] Aol mm}ﬂ 2o o] Wil e}
tlole] WEISS Lol o5 Aute $ASIDAL itk &
BAE dolel HElE B ARuol HH]ME 2ol
o] HIsHA] = dlolH HlE] 15, J2]il 2fo]30] iy

£ 2802 rr st 44Tl o5Rae 7

gdlg ot kLA

Lo AHgEE 9299 /L WE 0 o] £ JkA] 18
of %3 cloje] eS| o5 HFu Aujz Wstol
Fig. 37} Fig. 40J4] 2l 1j§1o] 94912 Atua} gick,

Fig. 5= R.wind}t T.winc] ¥ off gflo]22] Aghs &
o{&T}. Fig. 5a)= KEP #A GloJEjg AR&sllon,
T.wing= 52 17sI¥ 1 Rwinc] 371 I 2lo]29] &

71 BIAE BB EL AEFEo| wislo] 7]olert A7) of
ol YEFUIA] e9Xtt. Fig. 5(b)= Industry bank £4] ¢
O|E{Z AMR3II O Rwing 72 WYL Twinol &
712 o 2ojgo] g HAE WE S et Zatolot.

0:1/\] a]o]‘:'o] g}gx] ol-g Hﬂ]ﬂgg Hsa}ig] tﬂﬂoﬂ Og
B A 7| mho] Il EN7IK] egic
Jejmo] 7} atcfojet ofgo] glr] ol Rwindl &

7} (Fig. 5(a)ut T.win®] %7} (Fig. 5(b))S UERHCE of
S =0 Rwin: 1->32 R.wino| 104 302 Z7Iet ¢
2 oJulsly], T.win: 1->5= T.wino| 10]x 52 Z7}3t
(5] 71— EIH';H‘— 47};<] 9] "—]1% 2
del=d 7t "—‘18 9z 00| 37)7} ¥slz| M} 50 oﬂi
o] HE (C= BANIF Auf ([2 BA|)S UERACE oS

°f Rwin:1->3%) °ol§Z 7Hl= SitolA Nochange
C-Ct 9ujsl= 712 gojgo] kx| k2 HE &
R.wino] 14 mjoj = of&o0] Bk, R.wino] 3Y wjol=



42  Journal of The Korea Society of Computer and Information

o Fo] Bh2 "2 oju|gtct. 12]il 7} Ao] Titfofl A
ARG Fmjef 7 Alof] 2o{Ql= 3he KA| tlolg HE]
oflA] 7t Afof] &5 WIEQ] vl&Z UEHCE oE &

Fig. 5@)?] Rwin:1->3°] 0|82 7R+ TtjjoA]
Nochange C-C0| 43l= dole] ¥lEZ2] ZA| Hlo]E]

wlEjof] o3t ¥]-8-2 25.95%0]|ck.

B Nochange C-C M Nochange I-1 Nochange C-l Nochange I-C

100.00
80.00

60.00 33.56
40.00

16.
20.00
0.00
R.win:1->3  R.win:1->5  R.win:1->7  R.win:1->9

(a) Prediction change of test vectors without label
conversion as R.win increases and T.win is fixed

B Change C-C M Change |- Change 1 Change I-C
30.00
6.15
25.00 6.27
20.00 5.57
15.00 A e
17.57|
10.00 13.18
8.54
5.00
0.00
Twin:il->3  Twinil->5  Twinil->7  T.win:1->9

(b) Prediction change of test vectors with label
conversion as T.win increases and R.win is fixed

Fig. 5. Label conversion—based analysis of prediction
change with varying T.win and R.win

Fig. 404 T.wino] 17 el A R.wino| 575HH
NEEsL S7kste mjlo] BaEld ol ol Mg
o] © BIAE WEZHU= Fig. ba)oAAd dols A
gho] E|A] oI HIAE WIEZoA 1 o]FF Az
t}. of7|X Nochange C-C®t Nochange [-R~= R.win©|
zlep] At 3 R SUE o5 AnE Uehfe o]
a1, Nochange C-IB} Nochange I-Ct Q=59 &7t A
1 2o o & Aapt o AFeoltt. I¥Hl Nochange
C-I9t} Nochange [-C’t ©) 30 1 Xto|7} R.wino] &
TFatoll wet 57132 2 4 9, ol3l0] Rwing] 371l
mfet Aatert el olgoltt & o Aps] Amu
N, Nochange [-Co|| &3H= HIE| &2 R.wino| 712 o

glo] 52 HotA| AQAITH sk SVM 2Hiof] ofsf ol&
ol vpyo] ApAlog Sh= o] © HEHZo|oh &

0]

L
%

R.wino| §7tsto] A1 A8 st gojy HE| S| o]
5 Aoz Qlsfl sk =o] JF= ot Rwin®| F7t
Hofl= S| ol &sHA] XSiH EIAE HlolE] HEES 5
Al dIEsHA Aol

utdof Fig. 3014 R.winol 17gd AJEiollA T.winol
57}5}1::] 7<1§J-57} 71—5\_5}% T_LHE101 J_}ﬂ-g]q H”’éﬂr,
o] mEle] ¢ €L Fig. Sb)olld Hojxes ZiAH
Twino] 3712 o Zlo]50] AgE= EAE HEHS 50
7171 Aoll= Sl ol5E oY 571 2o 50l &
A B= WIES (Change C-)9] 47t 57t6H= 7ol
ol HMES2 Twin® 57t A} S0 FL5HA of50]
H= HEE2 Twind 3712 EAE HE| glo]5o] vt
ol o&0] 27 & Aot} o= Twin®] 5712 %
k5 dlolE] 2lol5o] ALE U, o5 vhgst= i*
5 20| TESOIR|A] ot 7|E0] HAE HlE|S0] Y
S 57t So= FYsHA AIFE W] trow ’%*74%"4.

5

IV. Conclusions

27t AF oIE50IA o5 =0t He P¥e s
© T o5 Bl 9P vlxls Sag 849
. Ale7bxlel e} Aqtoas #2059 Fotet
o] 2715 71K A AAS) ot 22y [

oo=2 20
ARSI ypHO @ 15}%

7|3bo]| wt TS 4~ 9l
5 o

-

=2 O
o|8st 7|&E3 e F7|et Ot de3r]9 Ao
2 Quislsle s, AEe $ol 3T 2 ol ko
0)X|= g3k

O 0.
(o
oX
Ho
rr
N
2N
£l

" ]

k1
o

Nl
i

N
N
L
N

7] 2ol FAE WEjs ¢ ol o5a17] Th2olct. A
ﬁ}m AAT BEE O Wefel Pt St

So] HgiREl 5718 ?01]% S2)7) of5slt WEiSol
£71)7] ghgolct,
J Eﬁa £ WAl Zle ohew ek A

4 o=




A Study on Stock Trend Determination in Stock Trend Prediction 43

AT 9 F7} 7% AN PHere Ast] 77} %Y
ol5e] FRES AL 4 A 5 ol i To]
AR, o5 AT Wete B ol AT 2 P
oxle] 71E2ke ofEA RSt sherl A Holck B
A, N2 O 20} 3% 24 e Y o5 23S
2 vl 25te AL A% Aol 2 YLk o] B9
7} 7% 27 WolA Ok L Polste] BIESS )
39 N 4

D2 59 ekl obalA|E, 71lo] DeiAl
Zolo2 o] FPYH o5 S2o] ol BT 4 YAl
%5 A72 AP ogolck. oS 5ol Bek 2 2018
2 95 2RI, Atk WAL AT 2 Wil FA
e} o180 DRl G BABIL, ol vlgoR ur)
L0 Ao0]

REFERENCES

[1] H. S. Sim, H. I. Kim, and J. J. Ahn, “Is deep learning for image
recognition applicable to stock market prediction?,” Complexity,
Vol.2019, pp. 1-10, Feb. 2019. DOIL: 10.1155/2019/4324878

[2] X. Zhang, Y. Hu, K. Xie, S. Wang, E. Ngai, and M. Liu, “A
causal feature selection algorithm for stock prediction modeling,”
Neurocomputing, Vol. 142, pp. 48-59, Oct. 2014. DOI: 10.1016/j.n
eucom.2014.01.057

[3] X. Zhang, Y. Zhang, S. Wang, Y. Yao, B. Fang, and P. Yu,
“Improving stock market prediction via heterogeneous information
fusion,” Knowledge-Based Systems, Vol. 143, pp. 236-247, March
2018. DOI: 10.1016/j.knosys.2017.12.025

[4] A. Oztekin, R. Kizilaslan, S. Freund, and A. Iseri, “A data analytic
approach to forecasting daily stock returns in an emerging market,”
European Journal of Operational Research, Vol. 253, pp. 697-710,
Sept. 2016. DOI: 10.1016/j.ejor.2016.02.056

[5] D. Kumar, S. S. Meghwani, and M. Thakur, “Proximal support
vector machine based hybrid prediction models for trend
forecasting in financial markets,” Journal of Computational
Science, Vol. 17, pp. 1-13, Nov. 2016. DOIL: 10.1016/j.jocs.2016
.07.006

[6] Z. Lei and W. Lin, “Price trend prediction of stock market using
outlier data mining algorithm,” Proceedings of IEEE International
Conference on Big Data and Cloud Computing, pp. 93-98, 2015.
DOI: 10.1109/bdcloud.2015.19

[7]1 J. Zhang, S. Cui, Y. Xu, Q. Li, and T. Li, “A novel data-driven
stock price trend prediction system,” Expert Systems with
Applications, Vol. 97, pp. 60-69, May 2018. DOI: 10.1016/j.eswa.
2017.12.026

[8] W. Chiang, D. ENke, T. Wu, and R. Wang, “An adaptive stock
index trading decision support system,” Expert Systems with
Applications, Vol. 59, pp. 195-207, Oct. 2016. DOIL: 10.1016/j.es
wa.2016.04.025

[9] Y. Chen and Y. Hao, “Integrating principle component analysis
and weighted support vector machine for stock trading signals
prediction,” Neurocomputing, Vol. 321, pp. 381-402, Dec. 2018.
DOI: 10.1016/j.neucom.2018.08.077

[10] E. Hoseinzade and S. Haratizadeh, “CNNpred: CNN-based stock

market prediction using a diverse set of variables,” Expert
Systems with Applications, Vol. 129, pp. 273-285, Sept. 2019.
DOI: 10.1016/j.eswa.2019.03.029

[11] W. Long, Z. Lu, and L. Cui, “Deep learning-based feature

engineering for stock  price prediction,”

Knowledge-Based Systems, Vol. 164, pp. 163-173, Jan. 2019.

DOI: 10.1016/j.knosys.2018.10.034

R.Socher, B. Huval, B. Bhat, C. Manning, and A. Ng,

3D object

classification,” Proceedings of International Conference on

movement

[12

—_—

“Convolutional-recursive  deep learning for

Neural Information Processing Systems, pp. 656-664, 2012.

—
—
o

=

A. Graves, A. Mohamed, and G. Hinton, “Speech recognition

with deep recurrent neural networks,” Proceedings of IEEE

International Conference on Acoustics, Speech and Signal

Processing, pp. 6645-6649, 2013. DOI: 10.1109/icassp.2013.6638

947

[14] D. Chicco, P. Sadowski, and P. Baldi, “Deep autoencoder neural
networks for gene ontology annotation predictions,” Proceedings
of ACM Conference on Bioinformatics, COmputational Biology,
and Health Informatics, pp. 533-540, 2014. DOI: 10.1145/2649
387.2649442

[15] A. Sun, M. Lachanski, and F. Fabozzi, “Trade the tweet: Social
media text mining and sparse matrix factorization for stock
market prediction,” International Review of Financial Analysis,
Vol. 48, pp. 272-281, Dec. 2016. DOIL: 10.1016/j.irfa.2016.10.009

[16] H. Hu, L. Tang, S. Zhang, and H. Wang, “Predicting the direction
of stock markets using optimized neural networks with Google
Trends,” Neurocomputing, Vol. 285, pp. 188-195, April 2018.
DOL: 10.1016/j.neucom.2018.01.038

[17] G. Park and H. Shin,

semi-supervised learning,” Proceedings of KORMS Conference,
pp. 110-116, Oct. 2010.
[18] S. Ahn and S. Cho, “Stock prediction using news text mining

“Stock price forecasting using

and time series analysis,” Proceedings of KIISE Conference, pp.
364-369, June 2010.

[19] D. Shin and K. Jung, “Forecasting short-term KOSPI using
wavelet transforms and fuzzy neural network,” Journal of the
Korea Contents Association, Vol. 11, No. 6, pp. 1-7, June 2011.
DOI: 10.5392/JKCA.2011.11.6.001

[20] J. Jin and J. Min, “A real-time stock market prediction using



44  Journal of The Korea Society of Computer and Information

knowledge accumulation,” Journal of Intelligent Information
Systems, Vol. 17, No. 4, pp. 109-130, Dec. 2011. DOIL:
10.13088/jiis.2011.17.4.109

[21] J. Huh and J. Yang, “SVM based stock price forecasting using
financial statements,” KIISE Transactions on Computing
Practices, Vol. 21, No. 3, pp. 167-172, March 2015.

[22] Z. Hu, J. Zhu, and K. Tse, “Stocks market prediction using support
vector machine,” Proceedings of International Conference on
Information Management, Innovation Management and Industrial
Engineering, pp. 115-118, Nov. 2013. DOI: 10.1109/iciii.2013.
6703096

[23] G. Dong, K. Fataliyev, and L. Wang, “One-step and multi-step
ahead stock prediction using backpropagation neural networks,”
Proceedings of International Conference on Information,
Communicatio, and Signal Processing, pp. 1-5, 2013. DOL

10.1109/icics.2013.6782784

[24] F. Wang, Z. Zhao, X. Li, and H. Zhang, “Stock volatility

prediction using multi-kernel learning based extreme learning
machine,” Proceedings of International Joint Conference on
Neural Networks, pp. 3078-3085, 2014. DOIL: 10.1109/ijenn.201
4.6889651

[25]1 Y. Xu, Z. Li, and L. Luo, “A study on feature selection for the
trend prediction of stock trading price,” Proceedings of
International Conference on Computational and Information
Sciences, pp. 579-582, 2013. DOI: 10.1109/iccis.2013.160

[26] K. Kim, “Financial time series forecasting using support vector
machine,” Neurocomputing, Vol. 55, pp. 307-319, Sept. 2003.
DOL: 10.1016/s0925-2312(03)00372-2

[27] Y. Lin, H. Guo, and J. Hu, “An SVM-based approach for stock
market trend prediction,” Proceedings of International Joint
Conference on Neural Networks, pp. 1-7, 2013. DOIL 10.1109jcn
n.2013.6706743

[28] A. K. Sirohi, P. K. Mahato, and V. Attar, “Multiple kernel learning
for stock price direction prediction,” Proceedings of IEEE
International Conference on Advances in Engineering &
Technology Research, pp. 1-4, 2014. DOIL: 10.1109/icaetr.2014.
7012901

[29] D. Kato and T. Nagao, “Stock prediction using multiple time
series of stock prices and news articles,” Proceedings of IEEE
Symposium on Computers & Informatics, pp. 11-16, 2012. DOL:
10.1109/1s¢1.2012.6222659

[30] Y. Luo, J. Hu, X. Wei, D. Fang, and H. Shao, “Stock trends
prediction based on hypergraph modeling clustering algorithm,”
Proceedings of IEEE International Conference on Progress in
Informatics and Computing, pp. 27-31, 2014. DOI: 10.1109/pic.
2014.6972289

[31] K Kim and I. Han, “Genetic algorithms approach to feature
discretization in artificial neural networks for the prediction of
stock price index,” Expert Systems with Applications, Vol. 19,

pp. 125-132, Aug. 2000. DOI: 10.1016/s0957-4174(00)00027-0

[32] J. Patel, S. Shah, P. Thakkar, and K. Kotecha, “Predicting stock
and stock price index movement using trend deterministic data
preparation and machine learning techniques,” Expert Systems
with Applications, Vol. 42, pp. 259-268, Jan. 2015. DOIL:
10.1016/j.eswa.2014.07.040

[33] C. Tsai and Y. Hsiao, “Combining multiple feature selection
methods for stock prediction: Union, intersection, and
multi-intersection approaches,” Decision Support Systems, Vol.
50, pp. 258-269, Dec. 2010. DOIL: 10.1016/j.dss.2010.08.028

[34] M. Lee, “Using support vector machine with hybrid feature
selection method to the stock trend prediction,” Expert Systems
with Applications, Vol. 36, pp. 10896-10904, Oct. 2009. DOIL:
10.1016/j.eswa.2009.02.038

[35] L. Ni, Z. Ni, and Y. Gao, “Stock trend prediction based on fractal
feature selection and support vector machine,” Expert System with
Applications, Vol. 38, pp. 5569-5576, May 2011. DOIL
10.1016/j.eswa.2010.10.079

[36] A. N. Kia, S. Haratizadeh, and S. B. Shouraki, “A hybrid
supervised semi-supervised graph-based model to predict
one-day ahead movement of global stock markets and commodity
prices,” Expert Systems with Applications, Vol. 105, pp.

159-173, Sept. 2018. DOIL: 10.1016/j.eswa.2018.03.037

Authors

Chungsoo Lim received the M.S. degree in
electrical ~ engineering

Maryland at College Park in 2004 and the Ph.D.

from  University of

i)
1)

degree in computer engineering from North

Carolina State University in 2009, respectively.

Since October 2013, he has been with the Department of

Electronic  Engineering, Korea National University of

Transportation, Chungju, Korea, where he is currently an

associate professor. His research interests include stock trend

prediction, biometric verification, and machine learning

accelerator.



