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I. A&

Al S8 NS BAL T Al EAL, 27 8 b0 (big data) <} ‘THIE
=

(high-frequency) 2 F2 = Atk IA = AZ2A & = e =9 @2 HolH,
23 E2ASHA A M2 FEle] HlolE 7 a8 A Aol ARSEAL Utk ER,
mukyd 7)e 9 FHFE stedold] o R Qe SRS ] oA g
w8 A A = A =9len AiE daelgs o8t dagE Eold
TG AEA ol FAlolth olet Al Wate ool A g A
A7t 2] Z(millisecond) TIoA Dojub=s & o dite Hlud 5 gle ez wWaA
w2ol= Alo] Hitk 53] nAFRE FopollA = daE|E Edoldo] soiutEA
Aol A AE7E aAYstaL T1Alo] ZHA o wh R ol hs] debiickar fAE D

olZ|gt 58 Al Hete} A w5 AlE B4t ol U EH ol
A=, WAl BYES a5 A A 5-85k7] AlZRRE Zlo] thA Q] oAtk
HAle ol HIFE7E F017l glojefo] of &Ao] QLA oW sfglo] EAs=AIE
AAT A 2 QIR R sl &S 9u|3t). Artifical neural network(ANN), support

vector machine(SVM) 12| 1! random forest(RF) 5 W HAlEyY R E0] ¢ A%
o] olg5lon] oS 7129 AAAt WHED v ua 2§ Holele] sk
v Ag A EL AfFor & Foll=
A7 Al BRES B89 56 A7 WS A F 7R a0t
A= 7129 A5 AREEA FUE HAlY 2SS Aol HEste] 2E 9
d=8S Hgt Zoj&2= H(FFE, 2019; Laborda and Laborda, 2017)0]t}. 4=

A} 0] %] 2|(natural language processing) ¥1lE]

Y

oJuf 7HA A (sentiment analysis)S
3l 9lAE HolHE HMar E8the 5 WAlHY 7S 8 71E0de 55 Al
AREEA] SE WSS Ao E-8(184, 2445, 2019; Gentzkow, Kelly, and Taddy,
2017)8kaL Qlrh

HAleY P} o] F o] &3 =& Me4E0] 56 2okolA & WS ¢
= bl o] ARGE= HolHE of9A AT AdA HFt == A9

olo 4] 9k Sleh 53] SEUAA ATeIA BE WFS AX|5H A HolE

1) IRE FEA] et mAFRE 242 O’Hara(2015)014] gHld 4= Qi)
2) Lopez de Prado(2018b)= w& 2ofoll wAleldS 43 o2 HES AES HRch
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2% AARel g dole R AL 2k A7, 371 8 AR § gue acHew
B3 9l BHba) S of | 710 sl T A2l et B 712E obd £

iu)

HS LA AJ7F HH(time bar)@} € Hl(tick bar)t}. Lopez de Prado(2018a)+ ©]&09|
AfA o2 Theksith Aol AIRE T8 AP A o] Foulet JHE FE55=

Blagaolgtal A3t ojof theh Hijte 2 AlgellA HR7L Sy wjulct

ut
imbalance bar)= F& S E(order flow)0] 7|t & oA E 4 S 2 nj= 32O 2
29 ujoje} vk FHSR WHolth o) FE s8] AHARS 717 AueUs)

(informed trader) 9] A2 Y ¢1ot WHRE WAZE k= WAF2 2 FE g oz

st it

Lopez de Prado(2018a)= VIB % A H 7]d} v}50| ARE F&31=d a&% o]zl
] &

FABIAI, oFA 7] 11 iAol &QlE vprE gl mEbA £ e BA), aHlE
7H A9 &0 VIBE A48 1 AaiS Selstaal itk o5 $jg) 7]Ee] o
20|31 Q)= A7} vhbar), | vh(bar) 712]31 7 2f|7F vH(volume bar)E W]l A= Q4.
Tef VIBZE Ao RlE ARlA EqfHAoR WAste RS AdHoR

II

Sojgittel 71 uhgat o s

A4, % 74 2419

%
o HAHY E’aé % Support vector
machine¥} Random forestS 0]%—§EE]-. X —%—% o] W2 o= Ao HIE
FHS] 13 24 vhol §71 74 EAel Ml o), Adkel Jel3 FE 55
o] ZH 4 (predictor) 2 ©]- -3t} A5 FA1L KOSPI200 A4~ A&E2] E dlojgE o|-&

Aggion TR 717E 2018W 119 219 7€ 20199 79 2U7HA|t}

A7 AN goksid the 2t A, € upel A H}% T2 9| oS50 A
s} g0l 50 AT JHES 7|28, ol2eo] gl AT Ueton Al
B e o2 ek Aol YATH Relujet 428 ohdirh A, VB H

65% o] o5 AREE 7|H8 ARlE 7H4 A Hid sd5gE 7 ez

3] A (logistic regression) L3-S
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UHEREITE o] VIBZE Algel A B A0 whshe ARE Bub o vhoshs
uhlel ThE HES 18] $H] gEoR otk ooz, o Sngo] Fe

AHEE T8 glolg Q] oFo] A-SE SVMI RF] o) & Aawy) 22 A 37 udTt
Hl g oS FAEE A 2R YeR, 1E 714 o]

°4?L°ﬂ AEE= fﬂ* Ei‘é 2y AUtk XﬂIV%Oﬂ 1% = °4?L°ﬂ AHgE HlolH
3 7|2 EAFE AT AVEdAE dSTHE B AS 24 2H4E AAstH,

apR e VIl A= Ao 23S Attt

I. A3 |+

Samuel(1959)0] WAle g o] S FUT o|F chagt Hopol 4 wAle o]
S8foH Ao 3§ BohE HAYS SET A BUA AL
ek w4 H”Ol S5 Qe HEEE pe 3A
& s Esu 42 H5g 27

A

233 v of 75_‘@74]—?7} 7H/$j%]—% H It} Rossi(2018)+= decision treeS ©]-&3}+
boosting HTEZO 2 74 o BT} WEo] thel T 9 o5 ABF Ak 712
W ES0 Hlgl oS et FEe Zrh W A== support vector machine
(SVM)= o]l W54 Al5=¢1 VKOSPI] HSHE o 53f) o5 Al vlirloll 483 2haAdl,
earest Neighbors(K-NN) &172]&-2- 3] Kospi200 A= AE2]
A2g oz 28, oAz, AFEQs)7 Uk

A wAlEY 2 1 glolE 7S 28 71Eo AMEA o2 HeE 5
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B o] 2-88H= Ao|t}. Vlastakis and Markellos(2012)-2 12 A o] do]E]| S &-8-3)
FAAES AE| et #a0k FHE FHASRE ZA U Jegadeesh and Wu(2013)=
A S Bl 7195 A Bak, ofdeAE Bk Fo o)2E ufslel T14l0]
A HE-] Wk Bl A& 717k frejulet BAE 9l Btk sield= 459,
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Bh| 9, 243 (2014)7F SNSQF A 7]Ak0] 7HA B 9 mAlEy mES o] 85t

_7,:7}01] gt o5 Aeert FAES Hol Ul S8 A B4 qlo] HIAE EA 9
A4S AARITH

oje} o] X mjAlelyd HFPE o83t F-F AF SHEIA| AL Q= g, =

=& diolget Ty A Eo w2 A7 Al E 3L QL) Easley, Kiefer, and O’'Hara

o
20 b} 2ol
ko1 3

=

(2012) HrE L& ol
A= AR FNM FEE AR l
O’Hara(2016)2 tjuj 4 (bid-ask) EFS £33+ A=
g AA-gHS 29l v} It Chinco, Clark—]oseph and Ye(2019)2 LASSO 3|HE4S
3 12 ©flolA F7F dS5S E uf IRl fE dis) 5] e ARe
o2 gttt A2 Wk ESt Easley, Lopez de Prado, and O’Hara(2019)
& HlolElet MAleY RPS ol&al mlAlFRE wofoll A AR Het HHE
% | APe] #edat 37F AZYE 5o A HeEd] His) d5Es 7Rit=
H 31t} Lopez de Prado(20182)= HlolE| 4, 2F 85, e 54 & w8 HAleld
2ol il A= e EAE ASFen, 53] vAREe] OIS HiFeR HolHE
FA8}= VIB(Volume Imbalance Bar)S A|QHith
A mAF2ES] TS o83 VIBZ} AHIEoA o 52g 7R =A]
PHES T3 Audrks SHolA 7129 55 wAled 3 aHE 5§
£3] VIB= Lopez de Prado(2018a)7} A|Qtich=
d, 12]3 VIB7} n|A| 7220 vErS 31 Qlth= oA Lopez de Prado(2018a)2}
Easley et al.(2019)¥} 7 ARt #edo] Qlvk E3L aHlk: 71 23 de #Al#Y
285 F3 d=sttt= S Al Chinco et al.(2019)9] At T o] Qltt. shA|Tt
B 7 thao A 4A BRelA |2 QTS Folgo] ZARITE A, oS
ABES Loy 913 Ay By X 429 inus] A2HE 71E Aol
2], & A7 ANT vHba)E o83 HEIt S| = v EAT: Biba)E
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II. AXFZ(Information Extraction) 233} oS5y

H ol Eek9l2 7|25 KOSPR00 A8 ARE ofd Fej2 7|28 ojw,
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.,

(o

[e)
off w74 = 2% f&%
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HAlH g AIHE Srof theket darejEo] aeAldel E85 vh Qleh Al
w2} support vector machine(SVM), Random forest(RF)2] ®H5 o] 714; Wo Al Hho
HE Qlof, o]55& thekgh Hi(bar) 9] o5 SATIh

1. AR FZ 1. d}(Bar))

(1) AlZt HH(Bar), EIH}(Tick Bar) & H2§ZF H}(Trading Volume Bar)
Hhban) & Hste 7MY EEAQA WS 8 HolHE dAR Zolz® Ure
Wroltt. I Foll A UA ATttt BES FAIRE Zlo] AJRE uHbar), 4 A Sl47}
712 duict vk AT Aol € Hiben, L1 A Akl -1 ujuict kg
43k Aol Az uibanch
0% AN AFFEL AL A7 viet € ul2, I ZAACIA AFete
HTS(home trading system) o] A &= Eilﬂ 2= ok Ak vi= A7F vk} g owpgkE
54 o2 AMRERE AUl Easley, Lopez de Prado, and O’Hara(2016) 52| &&
AFSoA ol &RT ol ABA = osly] Hrh= Aol AT E4 297t

Hlole| o] Aol ojrjelAle] wet bARA 4 ik B 1A LAY JFL
WAL AAH NS BFAHOR W] ] AT 1FOE dolHS
Tt o5 vhe] B4 ol o3 RS EMHO R Westy] YT & 4 Sk

(2) VIB(Volume Imbalance Bar)

7)1 w0 gt tioto 2 de Prado(2018a)= A|A o) Aj2-S A H 7} HEA
ARES 715202 HE 4T A& A|oksH, o]& VIB(volume imbalance bar) 2 51
HE Utk PAIF2E ] oS FRte R, B F(order flow)o] 7|t oAl Hlojd
TS Ao A= HE7E S Az THEg AR RS 71 HES-dREo]
QA Aol U =A], AGA Ash=Al, =]t 7o) Al mlAl= &l FAUA]
T2 AR 2o A Fa3H tghFE FA|t) Glosten and Milgrom(1985)%} Easley et
al(1997) & FES-LASY] AHFAE HE A=l At ol5o] Ao YA
ZHAAL Gl AR AAd wel F7 550] Wik v dEer oA Hrh

OH, O;:,

Eiis

5) Boosting(adaboost, xgboost) JA| &+ wo] &= ¢ oL}, o] underfitting®l] Z3tH, FHAI%
LR overfitting® #Ato] o 2 A2 HIHY] glgo] oM #A8HA gtk
6) = AL Lopez de Prado(2018a)5 sl 2HAd3Ict



22 BB AFE T AYGNN HEFE FE AdFS W A0,
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B V-5 XT]

th, =1

= BITI(Plb, = 1R [V]b, =1)— Py, = 115, [V, =—1))
9] Aol Ply, =11E, [V, =112 V', P, = 1B Vb, =112 V0= /5

Vi v =R B V=BV

o Uk 4 gtk 2, A7 Aol vat 27] 710G uleFw Adere] ofat
wah o Aol ofgt REow Raja 4 otk o ol 88 £, Tewt
2ol ek 4 gl
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Elo=ElTN(VvI—v) =K1l v —-E[V])

S WSS 175 /|2 0E S PSS Wiolth 778 245 913 dANE

B(TI% RV - B [V]e] §O2 olRo4 gid), o 5L 42 olde] T4 uE
TR 9 0,50 A% olFHEoR R

2V - B V]S 78 259 B3t A=l it 719 Uehdetl, 6,7 71

G2 oo FHolA Holhd 77 Hopxn), Wi 0,7} 7Y fA 27
Hlolubd) ghethi 77 AR w4 RREe] oJshd 0,7} 7|t SEA] ot
A9 ABSUA S| Aol LA thol7] whio], VIBE ofo] B 5 TARORA
AR edREo] 7h RS WAL o|ae 4 ATk whebd 242o) vhoji
FAG o] AW A Glon], AReURSo] ol AHUSE © W vk FAL

WA HolE 7 Fol RS ) RS G4l Y 58 AFE I} Aaz
2 & ojujgtet. 1504l A =85 (supervised
learning) 2852 £ 43 (dependent/feature variables)7} 23] 1A% o= W
(predictor variable) AF0]9] BAE EEdh= AS HRE JIth AEshy B F4HHFTL
AEHA Y gha 7HAEA, B 54 71322 (category) ol £5h= W5 dloJE A9
whe} 3] (regression) &} - (classification) 2 U 4= it} &FARS] 7 =
B I &3tn 744 gAYS d&she BYES 20l S3te Ades
olale 4 9tk

-
2 AFoAE nhe] F5o] BE oZeo WalE Felsty] S 25 nd %

8) EH9o Y& Murphy(2002) Geron(2017), James, G., D. Witten, Hastie, and Tibshirani(2017)=2 29F
At &E24 WAZ Y2 Murpy, pythong ©]83 A% H4L2 Geron, RS ©]8% £4L2 Jame
et al.(2017)2 FzJch
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RP)E AH§FIT SVMS 27
A4 o) ol o 1A

313H, RF= o] & 7] decision tree
o] Ao A svMat

g 5%

Support vector machine(SVM)¥} Random forest(
4 Apolol wlAE B}

T&HHe o5
5*}(mappmg)ﬂ°i*ﬂ AFPA = Hgsl=
S35 3 b A Z(majority voting) 2 FLEH S
RF Zgo] sl o #A|4ez &7E Sttt
(1) Support Vector Machine(SVM)
SVME A2 th& ool &3 M9 Hlo|g & &/t 249 29dS &=
Hgolch WA SVME E#st=t o8&z tlolg ¢ DE okt 2ol Aottt
D= {(z,, y)l, ER™, y, € {—1, 1}}
A HMEHE Ui g o, 7F of | 3ol £3i8l=A9
ot thro & o, 9 gholl whet glofel & Tlskeiy o w e
Hls} 7V 77k HlolE g
gog
o, I FZxE <Figure

7Hl

tlo

2tz mAY
el 1 Ee - 19 g
7 2, 71 AAEE 2% W (hyperplane) o] 2} F=nf 2
A 3LE W E|(support vector)2}il 7 oJ3tcl SVM-S o] 23t A E HEEL H}
S Hslels 29HS F

)
H5 AT Afo]o] T (margin) &

=
T T

>3} gro] upehd &= qlrh
<Figure 1> Structure of SVM

EUR TS FESHE A8 AARE f) =wlriboE @946}%1 ERE
AARE 3 Bk T BR U0 AEE wHs Aoje] Al 2 & Hisiel
H333 M4z 2019
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shsts A SAT nigoR 7}
o] Lol HolESo] AAWE TlEoR 28 W] YA 4, (wTs+b) = 19)

HEU5E Haslotl wet g A AL JAUS B

s.1. yj(wapr) >1 fori=1, -, N

glo] VM mRe 43 AA el o3 vlolelt $s £ Ao BiEs
A8 ARe T ok SAT o] YL dolEs} eAsA Y el B e
vEr_

delges UFe 45ole 482 = gl o 4ol 78 (slack variable)

1 N
min,,, o lwl*+ [eNe
i=1
sty (wle,+b) = 1—¢, (=1 for i=1,--,N

G lolEl 7 SVMS] ah ool S1AT & UES ARl Te s wh,
C= vzl Qofl f1A3 glolelEe] thelf Fafsl= s dEl= o|sfd 4= Qlrt o5 1do=
LR <Figure 2>9} 2t}

<Figure 2> Structure of SVM with ¢ and C
H1
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mhjgho R 5 AR it 2w A7t el

#Ad 3F=(Kernel function) A(z,x

1

<.

space) O 2 HE] Ao g ERT 4= ol LAY EF F1H(feature space) O &2 FALRF
5 F TS e 2BHE 2=tk of23t AY-SVM(Keme-SVM)S 17 0 & LERfH
<Figure 3>} 2t} #d-SVMo| 285} cheFet FEE 7 4= el

o
71E dFEolA 7 gol A Ad

. T
Linear: K(xi,xj) =z;z;

Polynomial : K(xi,x.) (x z; +c) ,e¢>0,
Sigmoid : K(;L'i,acj) :tanh{a(xfwj) —I—b}7 a,b > 0,

2
[z =l

Gaussian: K(xi,a:j) = exp— 5
’ 20

,o#=0.

<Figure 3> Structure of Kernel-SVM.

o ® ©

° ® B
® o)
o : ]
° ° o -
@
. //’,'l . .
Input space Feature space

(2) Random forest(RF)
RF= O] 59 21Q1 decision trees T3] 0|59 thrde HIF LR dISAE
%‘h:} HA, decision tree= 02| 7o &F A& T3 HOlHE o 7Y
02 U A=A E &3} <Figure 4>+ UWFA Q] decision tree®] 125

A glo|El= 27] E2]2 39l root nodeE A|ZFO. 2 UHR|7] AlAksty E7|7}

i
AFE4E, % F7F k) intermediate node) 5% AL A5 Ak LA
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2 el 43 olge] 4t SolErh BE BAlo] A4H5 A9 2 okt termind
node)of ¢l Elo|E 52| W wet o8 E 7o Hdor TRt
decision treel= Z}z}o] T oA flolEE EE3 w HZ g 7+ 9o

B % (impurity) S H43FHs WFeF0 & 51452 5, B4 ol E 2 1](entropy), AU

A4(Gini index), B= 2 E& @ X}H(misclassification error)S ©0]-&3f =335}

<Figure 4> Structure of decision tree.

Root node

X2

[ |

y=-1 y=1 0.6

Terminal node

RF+= 7N 2 Q] decision tree7} Z|d &¢Hg4 W &3 FAE Hestr] 8
th4=9] A decision trees AFESH= oFAFE-(ensemble)l0) <5 HFHo|Th RF:= Hj7)

(bagging)!) L112]&-S F3ll Z decision trees THT o TS EQsic) &, 4249

9) A2 WAy myo] T dlolElE W3t <53l R-S(noise)ol| dF3H= HloJE 7R B3}
gt dio|t). Hp o] WSt &7 dlojE ] A w2 AF AT EE Ho|AT, Y3
o] 8317 2 AMEL HlolE7F FolHE  AE expF IA YEPYA "l

10) QA5 Sh52 b WAled ByE G 1 REE oS AnE 7|We R st dEAE
EEoe WHEoth

11) 87 dnelEe FEAEH Y (bootstrapping)S T3l SdHo|HA MES oA ¥ S 4
2y sgAlA dae YAse gaeEelth



Z1o] ofyzt Z*Zﬂ glofE ol A F2kef=
F2H REES U OR FUH o]PA AR T b &3 F73 decision
tree52 AL ASAE =&F o= golEof met 2ol ‘;*E}Xl% e
af| A3t}
Eﬁ wotzl, Z4ZEe] decision tree
R o R A o3 5ol A8l A4 W
gl Aol 7HE 2 A58S 7 e AL 4k o]d Aol B
°0]-8-3l| decision tree5-& TRsh= A HE AFS FAHOE BFo|
ecision tree 5] AR T25 717 Tek. ez 7 ool ol Hlo]elS b
S0z A ASUSES o|STHORA LIPS Aolo] GAES BE
0 ]H(trammg data)of| A& 52
45 < I 24
o] EoMA|= %6?% °lE‘r RF= H}7 %fiﬂ%—r% &3l decision treeE th
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V. glojg 3 7|2FA%

& Aol A= Kospi200 Al A=l AAZE A2 Hole|E A5 2A4lof| o] &3ith
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<Figure 5> Time series of Kospi200 Futures
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<Figure 6> Number of Bars Produced Per Week
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<Figure 7> Distributions of Returns
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<Table 1> Dependent Variable

<Table 1> presents how the dependent variable is labeled. AP, = P/— P, denotes the price change
between the close, high price of two adjacent bars. Then, y, is labeled 1(0) if A P, is bigger(smaller)
than the threshold.

Time bar Tick bar Volume bar VIB
Threshold AP, = 0.35 AP, >0.5 AP, >0.5 AP, > 0.2
y=1 52.5% 52% 53% 51.5%
y=0 47.5% 48% 47% 48.5%
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<Figure 8> Structure of Rolling Window
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<Table 3> Hyperparameters and Candidate Values

<Table 3> presents hyperparameters, and the candidate values of each hyperparameter. Each

hyperparameter is chosen via the grid search method.

SVM Random Forest
C [0.001, 0.01, 0.1, 1, 10, 100, 1000] Number of Trees [1, 10, 20, 30, 40, 50]
Gamma [0.001, 0.01, 0.1, 1, 10, 100, 1000] Maximum depth [1,2,3,4,5,6,7,8,9,10]
Kernel  Linear, RBF, Sigmoid Predictors per node [1, 2, 3]
= H
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<Table 4> Out of Sample Forecast Results

<Table 4> presents the out-of-sample forecast results of Logistic regression, SVM and Random forest.

Forecast ability of each model is evaluated by Precision, Recall and Accuracy.

Bar type Model Precision Recall Accuracy
Logistic regression 0.54 0.69 0.54
Time bar SVM 0.52 0.59 0.52
Random forest 0.54 0.58 0.54
Logistic regression 0.51 0.76 0.49
Tick bar SVM 0.51 0.79 0.50
Random forest 0.49 0.54 0.48
Logistic regression 0.53 0.70 0.52
Volume bar SVM 0.52 0.76 0.51
Random forest 0.50 0.52 0.48
Logistic regression 0.67 0.73 0.65
VIB SVM 0.70 0.66 0.65
Random forest 0.69 0.76 0.68
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<Table 5> Confusion Matrix of Time Bar-Logistic Regression Model
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<Table 6> Out of Sample Forecast Results based on Close Prices

<Table 6> presents the out-of-sample forecast results of <Table 4> in an alternative setting where the

dependent variable is labeled based on close prices.

Bar type Model Precision Recall Accuracy
Logistic regression 0.50 0.83 0.49
Time bar SVM 0.51 0.85 0.51
Random forest 0.54 0.58 0.54
Logistic regression 0.53 0.80 0.53
Tick bar SVM 0.52 0.89 0.51
Random forest 0.49 0.54 0.48
Logistic regression 0.49 0.63 0.50
Volume bar  SVM 0.51 0.55 0.52
Random forest 0.48 0.47 0.48
Logistic regression 0.57 0.52 0.55
VIB SVM 0.60 0.53 0.58
Random forest 0.60 0.56 0.59
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<Table 7> Out of sample forecast results based on rolling window size.
<Table 7> presents out of sample forecast results of different rolling window size. All results

are based on VIB(Volume imbalance bar).

Window size Model Precision Recall Accuracy
Logistic regression 0.62 0.62 0.61
50 SVM 0.60 0.56 0.59
Random forest 0.63 0.63 0.62
Logistic regression 0.62 0.65 0.62
100 SVM 0.63 0.56 0.60
Random forest 0.64 0.63 0.62
Logistic regression 0.65 0.67 0.63
200 SVM 0.66 0.64 0.64
Random forest 0.66 0.67 0.64
Logistic regression 0.67 0.69 0.65
300 SVM 0.69 0.64* 0.65
Random forest 0.68 0.69 0.66
Logistic regression 0.67 0.73 0.65
400 SVM 0.70 0.66 0.65
Random forest 0.69 0.76 0.68
Logistic regression 0.68 0.71 0.65
500 SVM 0.72 0.67 0.67
Random forest 0.72 0.74 0.70
Logistic regression 0.69 0.75 0.68
600 SVM 0.74 0.70 0.70
Random forest 0.72 0.73 0.70
Logistic regression 0.68 0.76 0.67
700 SVM 0.73 0.71 0.69
Random forest 0.72 0.71 0.69
Logistic regression 0.72 0.79 0.69
800 SVM 0.78 0.76 0.73
Random forest 0.77 0.74 0.71
Logistic regression 0.66 0.81 0.70
900 SVM 0.74 0.78 0.75
Random forest 0.74 0.72 0.74
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< Abstract >

Forecasting Ability of Machine
Learning Algorithms using
High-frequency Data:
KOSPI200 Futures

Suk Jin Park - Chae Shick Chung**

This paper investigates the effectiveness of machine learning
algorithms and microstructure theory in predicting high frequency price
movement, While accurately predicting future prices of financial assets has
always been a major concern for the financial sector, recent developments
in analytics tools and accessibility to new data have stimulated academics
to pursue research,

There are two main ways in which machine learning algorithms are
incorporated into financial research, The first is to increase the predictive
power of models by adopting machine learning techniques that have not
been used in previous studies (Yoon, 2019; Laborda and Laborda, 2017),
Secondly, machine learning algorithms are also used to identify new predictive
variables (Kim and Joh, 2019; Gentzkow et al., 2017),

On the other hand, there is very little discussion regarding the criteria
to construct structured dataset from raw financial data, While microstructure
theory argues that active informed traders leave characteristic footprints
in market data, incorrectly structured data may fail to extract this information
effectively, In this aspect, de Prado(2018a) suggested VIB(volume imbalance
bar) based on implications of microstructure theory, which sample bars when
informed traders are active,

Therefore, this study examines whether or not VIBs contain predictive
information regarding future price movement, Using tick data of KOSPI
200 futures, we constructed VIBs and three standard bar types widely used
by practitioners and academics: time bar, tick bar and volume bar, Then,
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we produced out of sample predictions of one—bar ahead price movement
and compared prediction performances of different bar types. In order to
test the effectiveness of machine learning algorithms, we used logistic
regression as the benchmark and compared the prediction accuracy with
SVM(support vector machine) and random forest, two machine learning
algorithms widely applied in financial research,

The results of the analysis can be summarized as follows, First, the
prediction accuracies of time bar, tick bar and volume bar were no better
than a random walk, On the other hand, the prediction accuracy of data
constructed with VIB was 65% at least, implying that it contains predictive
information regarding future price movement, Chinko et al (2019) argues
that predictive information of returns are sparse and short—lived, Therefore
it is better to predict price movements when an information event takes
place, and before that information is reflected in the price than predicting
them at a random time, This result shows that while VIB incorporates
predictive information by effectively identifying the presence of informed
traders, standard bar types fail to capture this information,

Second, as the size of training data increases, prediction accuracies
of SVM and random forest outperform the prediction accuracy of logistic
regression, While there is no significant difference when the training data
is small, the gap widens with more training data and eventually resulting
in a 5% difference in the biggest training data size, This result implies
that machine learning algorithms may enhance prediction accuracy given
large data,

This study shows that even though the same raw data is used, prediction
accuracy of machine learning algorithms may differ depending on the criteria
of how the structured dataset is constructed, Synchronizing bar constructions
with information flows may capture predictive information, On the other
hand, sampling bars based on chronological time may lead to a significant
loss of information, Therefore, while the majority of financial machine
learning research focus on model implementation and producing new predictor
variables, this research shows that proper construction of structured data

is also an important feature,

Keywords . High Frequency Data, Machine Learning, Microstructure, Bar,
Private Information
JEL Classification . G14, G17
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