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EAAEE ZAE AT AMES Limit Order Book RS F3) F)2) SARE0] AZshe =
AAZEe= R ARl Foist ek Limit Order Bookel AAC.E FAHT Qe 78 4 o
A fr8A0] el B ATE 4 F EAAES vjes o o] ofi B0 LeluA FE By =
A% wle) 37 5] A3 WEEA folie] AEAT BASE Jolth BF STFE ol8eel FE 279 Hu
o 94 7} 5] 0 oI5 AHEE $oI1, oI AHE |88 HolEdold AL At AFHAL 5o 5

A=)

B 7S BAsI AFEA A b5 2o AA, Sl TS Ss FEEY By ARE SAse
T EA4EARY FUte F98 RS BAth 24, T8 B8 ARE 3Y TVMAY v 37 S dEiA =
A FEFHo] ettt AR, T2 B4 ARE o83 BY 71 59 95 B =+ Support Vector Machines
A1 EF0] 54.1%E 7 BA UEpETh UA, 5F F o] AN 43 7 B AT 2 AN SHT
T B PAFRT S AGAo] o 34T A, 271 58 oS AAE o83 to|Edold g Ba Ae
HaRgo B2 AAET =4 Yelth A, £57 ¢85S o8¢ FA A= K-Nearest Neighbor ¢8| FS
AetH BT HluEgrg S5 Fdo]l A JERSTE YA, Logistic Regression, Random Forest, Support Vector
Machines, XGBoost ¥ 8]59] A& AHE o] &g vlo|EFold M| B Aabe FAAT YIS A F7tst
T AZH AR MR EP R £ 435 BTk £ IFE Limit Order Book AH 5 Ful4 237 Fus
FEF AR AAA JHA7F EAFE BT HolA &Y A79) e ApEH e etk B A7 4584 2
FHe A FAREAA BA Agd SHoA o7t oty deEnh 35 dFoAe 2 s A7t JEET
AE HEW By 5229 &S B3l TVt dE AYEE U0 2H Ho|Edold FxxE] 4utE AHT IS

7 A

FA L MAE, FEETHR, EREILYF, F290200 AFAE, volEGeld

ERNAY 20229 108 149 E=R4EY 20229 119 62 AREEY 120229 1€ 1Y
TR : Regular Track WAMKR} : AN S
1. M& st s T2l et FAARS 2] 4=8(demand)
ok S HF(supply) BHE AR FH3HA &
FEUERE 239 oiFE FAARS AUA AskaL Aok ARelA AAE R BE]= LOB
2H]2 ARAR AEHe FAAEY vedh & BARE At 71 TR A4, AR Ad
W% 2 43S Limit Order Book(LOB)oll 3% 9] 4% #H&of e} 5202 HEsty o
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ol T FAAES A FEFS A
T ok tiREEe AR FofaEo] Hg B4l
Al BT Qs LOB HARE o] &3hH vl
F7HE ST F AS7P

Cao et al.(2009)2 &F FAAAAES B35 2
3, AlAE LOBY 37HE = i<, =] %
-3 (order imbalance) JHE ©
@] dZolA FoZd A7) deS Wt
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7t 7MESE 7HE HEo] ARE HAFh
Kim(2019)& &32] 29200 F7HA 5 E Al
oA wesrt F g E=s) F s
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Ak 7229200 F7HAS A= A1H(KOSPI200
Index Futures)olX FAALEAA AATO 2 F
HE Ll = LOB AR 5 Tl T3 vl
T ZRako] BHe Ry} Frlo) vy uar
doll it o] A2l dSAHRaHTT EAsHEA]
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Yang(2021)2] &7l oJahd 5231200 F71A]
FAE A2 AEEAA 9]0 e =
AAEC] A FolzF oiEEA 20169~2019
Q)R] EAAL A s A vlFo] A
A 65% o= AAS= AR Yehs
ok R 52239200 F7HAFAE Al A
=91 FExpAbe] gk ava & < 9ok
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o] B Atk F43F k. Kang and Ryu(2010)=
31229200 F7HAFAE Aol stk T
AL 9=Q B} S BAAR Tk
F2F ARE 243 A7 =59 B Ha
o] FYHS BAFI S WA Lee and
Kim(2013)& 23200 F7FAFAE Ao 11
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gl 2 F85AS Hol= AFoA LOB AR
5 B3k PR o] 7HeE B
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Table 1-& 231200 F7HAFHAE Ao A=

LOB At & Ho{Fa1 ok
(Table 1) LOB Example
Ask Quotation Bid
162 291.10
150 291.05
155 291.00
17 290.95
52 290.90
290.85 87
290.80 149
290.75 44
290.70 32
290.65 11
6,377 -1,304 5,073
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Table 12 Z23]200 F7HA A= &
A ANHoA BEAAES FE 4SS T
E HojF+= LOB Atgleolth Bid 32 v
Ask F& W% FEs YERITE @A FE W%
% #-$-/d v4= Z7N(best bid quotation)= 290.85,
A o= S 7Kbest ask quotation)i= 290.90°]
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Hou, ALAHI} ofF Fe AT BT e B uEst FRFoR s
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2] ol = Logistic Regression, K-Nearest Neighbors,
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23 Sol x3H
Logistic Regression(LOGIT) 282 A g3]|A=
AR Rl A RE FE5H7) Up, Down
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et al., 2017).

XGBoost(XGB)&= &9 F28 79
A ol BEFo QRE Rl MRS
2¥E A= E/F71R oI THKim et al., 2020).

d Luukka(2019)= Random Forest
L EFE o83t w5 FUHAFY] & F 7

=
A W< dSsta FAe Tl vl d=

B 93 B4 Ao eSS R FAnh
Zhang et al.(2017)> KNN 28 -& o] 838} v]=;
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Al F2 AIE BTtk Malagrino et al.(2018)
< Bapd FAA R A Hlo|= 2| Tt 4
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9] A& HAILEE Ko vluEFP Y 7|
fuzzy L1E]Z9] A= AT 62.12%HT =
AINE HAFUT

5 dugES Agste dF A3E =l
A= AEE o] FoA L Itk Cao et al.(2019)3%
Chen and Hao(2017)-> KNN3 SVM 28-S 2%
sto] F7ke] oS AHE Eolal o™, Weng
et al.(2017)<2 Artificial Neural Network®} SVM<]
Are B8l 77| oS AAE =3Ah Thakkar
and Chaudhari(2022)% 32+ ¢332 (genetic
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2y F7RAFet 6719 tiEF FHE A 5T
A A Eo] 61% o’ F7He BTtk
Yun et a.(2021)2 582 & 18]E3} XGBoostE
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et al.(2022)° &J54 2,173/ A ¥4 5 7]
%<2 A% Fgol 120872 HA 55.6%F =}
A8taL Qo AA WMee A 128%F A
A3t F {p7E g RES ARSI e &
AstA Tt 53], B AFolA EAUdoz sk
LOB & AX & w4 37t S5 s &
7} T ARE o] &% EF duEE 7
F7F dE AT 2717F o HHKim, 2019).

3. Age 2 =d4dAr

3.1 A7 20

B AFoAE 720200 FIHAFAE A%
=]

Ao R ) 729200 AEAHE Hf

el A2, 7%, 9T 5 G FARE
o Agjol A Qom, Audst Ago] E

BE 9T A F7h o] 2 R0

9323 9JthKim and Ok, 2015).

B dFolA= LOBY & ARE o] &3 &
714 F7F WiE A5E Sl & AR 20 Al
o] 21200 A8 FEE FHIAT A1 2
2, 9N AIZHEE 9A] 208711 9] 5% 714 714,
A Al vl FE T4, e T T
Z, g AR =l sl 7 D AlE
of FAYE, 121 Y AFEFE & vt T
TR 9] F7F WE Folth 4 ARe SU3I
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AAZF LOB AEE dofstH FAAEL] v
T FEOY T FE A8S gt < Qloh
Table 1] Atgloll A @A A& e 223200 F7}
AFAE gt FE ARe vE FE0] m
TR 120 o] w& gt ke ®

F7E %) AR b F7 44
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Wang et al., 2008; Kim, 2019).
AR T8 BEY AFE A5 95t
o BEq. (D 22 % E#Z A5 OlB(order
Xl

imbalance index)E A|FSHc}

pul

bids, — asks,

OB, = bids, + asks,’

M

where OIB,is Order Imbalance Index at time t,
bids, and asks, are

OIBE -15E +1 ARol9] Fg 714
o FrEe] Wi SrgR B
&= o] i FrFRT B

Tt EA AlA

ste] FU 7Rl F7he] ol 3



oz
HT
1o
i
~
R
N
2
I
0x
=

0] 5
Fol BAEE 2487 M Eq Q) 2L 9
=% A vlF X9 (Foreigners’ Trading Ratio:
FTIR)E T30

FTR, - buy volume,— sell volume, (2)

Eq. Q)& oF 94l A&+ Aol 54 t AlA
7HA o] A AR A thH] 9] =<l FApARe
BA A vlsS S AFEA, ©] g
o] Atk =<l9 FF wg7t o] FoHT=
ojmjoln, Wl E & F°] gt Zterhd o] Al
et =l JFH] mEr) o] R AT
= ojuoltt.

Figure 1 F2A170] 9Aloll 7HH(AI7h3k t
A A7A BZHE A A A3le] HE ¢ A| A RE
29200 F7HAGFA =] F7F AIREQL 154] 45

7M1 F7F Wes BAFal gl

AP

Open t Close

{Figure 1) Order Imbalance and Intra—day
Price Change

Figure 1914 t Al-o] 9A] S|}, o
9A] 5E° #FEH FE EFIAS, FIR= 94
SEo| TEH FZAU200 FIHAFAE FAUTF
el =9l el F - =) A
HI&, AP, v 94 A7F tiH] 9A] 5& 571 HE
FS ZHEH, Ap £ 94 SEHE 154] 458
Z7VA 9] F71 AEE A% 94 sE iy
o 723200 FHAIFAE F7PF B E=A
U Up, 717} o] YAl B Downo & &
sty FAHo R, AlA to| A 2] Up, Downol
o= Eq. 3)% 2t}

o il mi off o

If AP,_ . > 0 then market trend= Up 3)
If AP, < 0 then market trend= Down

where AP, . is price change
from t to market cose(C).

Table 2= AFF.2] A 7|3kl A Al tol| A
[EYR T2 BT IA T, = FAA AU
1%, ONolA] t AR O] 7} W% £ 1o

o

o,

T

N
S

163



oN
rx
ofo

(Table 2) Market Variables Observed at Time t

Vars |Time| 9:05 9:10 9:15 9:20
Avg 0.52 0.71 0.86 0.91
OIB, | Min | -70.40 -59.70 -61.40 -61.2
Max 60.5 66.4 61.0 82.8
Avg -0.35 -0.28 -0.24 -0.21
FTR, | Min -85.8 -51.3 413 -343
Max 30.9 24.6 20.5 19.9
Avg -0.02 -0.01 -0.01 -0.00
AP, ;| Min -3.7 -6.3 -5.6 -6.35
Max 4.0 7.85 5.75 6.1

45 Aol R 3

AP, , =o,+B,0IB +~,FTR, +e¢, 4)

A F 94 58] A9, Eq. ()= A7HRH
9A] SE7EA 9] F7} MFo] 9A] SHollA HEE
T B3Pt o=l B AgF vF

481, Table 32 #4 2
5 Qofste] HojFal gl

(Table 3) Estimations on Eq. (4)

o
1o

4ol Wlg 2 nejFw Yok FE
)T TR A HF WEE
W] ol JFES wA T glom,
FE BFEAS) 9L e w4 Y
Ual ok 227200 F7HAFAE 714 A
oA 9152l FARAte] A% B Rt FE B
;<4 T= _1[_7]._,] hﬂ-sh/} 71—5]. ok_/] _,,}74]7]_ olg 20 ek
&tk 2R0E 54 AF oA B38 2R
BAYAFE ( AYRE DY 0oz
AL B1H Fohe BFS lZT 5 YLk
ool E A toll A Bz
ERCESI S

l'-lﬂo%
33
T

2 o oo

oBL

=
=
T
Al

AP, =0, +B,0IB +FTR + AP, , +¢ (5)

Eq. ()€ t AHoA B
ST FA A WF, AT 7L AF A
nol ¢ ARYE Y FAAAY F7 W

£ ol ek F&FHS B45kal Utk Table 4
© Eq. (90 i 4 2345 HoFa ot

(Table 4) Estimations on Eq. (5)

Estimators 9:05 9:10 9:15 9:20
o -0.023 -0.028 -0.035 -0.035
) (-3.097 | (-3.17)7 | (-3.74)"" | (-3.52)™
3 0.026 0.035 0.039 0.042
(51.42)" | (59.99)" | (63.25)"" | (66.41)"™"
0.017 0.027 0.034 0.041
v (16.05)" | (17.55)"" | (18.66)"" | (19.43)""

7 significant at 1%

Table 304 FE BFIR|49} =22 Ex}
2 A vl G g AL A

164

Estimates |  9:05 910 915 9:20

N 20.029 | -0.036 | -0.036 | -0.041

' (-0.85) | (-1.09) | (-1.08) | (-1.27)

P 0.012 0.011 0.009 0.009

@.09)™ | 3.65) | 285 | G.11)™

0.004 | -0.009 | -0.008 | -0.007

i (-0.74) | (-1.58) | (-122) | (-0.93)

s 20.055 | -0.000 0.011 -0.012
(-0.82) | (-001) | (0.22) | (-0.24)

"¢ significant at 1%



Table 404 FE EFdx 9] ©r] F7} 4
S8 oAHds] o dFHo] yehtar o
o=l B At vlFd 77 s & AR
© B F7} ZelA
et ok 53], F&E S A
qZolME & FolAol
FAA A vlEH @]
SAIA frelAdel flok 2=l TR A2
2] 9&Ho| Table 39 éﬂr@r Hm] urE}
o] wet 2200 FIHAGF AETHE LS
HE )=l FARAF A AR JJr%‘ Hk-g-5k
A 4¥ 7Her st BbdE=

Pl W ooh @

ot
Huﬂblrns; Erlrrg-i

>}L
(o

B AT tEd EF ¢85 Logistic
Regression(LOGIT), K-Nearest Neighbor(KNN),
Random Forest(RF), Support Vector Machines(SVM),
XGBoost(XGB) 5= o|&3sted 54 A tollA
T 2290200 F7HAFAAE AR vk S}
AE7HE ] FAo g Up3 Downs ©ll

23200 F7HAFAESY G F
=g 93 B8 dugZE ge 93 U
ZF(input variables) 2+ i BT AT, Y=
B A BE F7F \%s Zoln, o=
4 M9l 3 WM (target variable)= 54 AlH
toll A 21200 FAHA AR A vt F717)
2 2] F27200 F7HA 4% 712 2] Upe} Down
ol

HE o] gakx] P

to
Iz
<
o
(m
o
N
i

(overnight puzzle strategy)

A /‘lﬂ vl 2L F7F

2]
1200 F7HAGA
FJ]*&% Aikehs Hlo|Eglo]d Heko|H o] &

13l Mo 2 sto] A3t

ARE TF A5} dF A5E ] 9
3] 2004 1€ 199 5-E 20161 12€ 2U7}HA]
o] 717+& sk 717L, 2016 1292 5L HE 2022
9 6¢¥ 3047149 713H& HIZE 7|3te g F

AT HIAE 713H2 A 71312 30%01 3l
g, st 713kl A Upat Down &3 W2
oj &9 FpRFo] WS F2He] FEe
&3l Up3} Down®| B4 W=7} A Tk & 8
e A8

L TE)Zol Rt sol shebulE]
(hyper parameters)= 3 & 23} 7}s4d S 3|33}
7] 98] FelvlEe 59 3A glo) 7+ BE &

1YFY 7| EHE AT s ARE ©
&3t duEEs 5 Fole H2E AR
£ S5E By A8ste 3 7] UpH
Down®| dZ AHE A3t

A& AccuracyE 4 :
= A3l t)3t confusion matrix
+ Eq. (6)3 Zo] =3t}

TP+ TN

TP+ TN+ FP+ FN’
where TP, TN, FP, FN mean True Positive,
True Negative, False Positive, False Negative.

(©)

Accuracy =
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Accuracyw= AA| S Atglol] tigh SulE o
= A9 vl &S SAHE AREA 47}% s
FAAE Sl B A7 A T8 d=9
A2 Aos 5+ Yot

422 A8 2n}

FE BEFIAFE o83 EF dufE
T F7te] Uit S A= A t HE Table
50 A AlSFA T

(Table 5) Accuracy on Test Data Prediction

Time 9:05 9:10 9:15 9:20
LOGIT 0.528 0.528 0.520 0.527
KNN 0.533 0.512 0.501 0.500
RF 0.501 0.519 0.517 0.497
SVM 0.541 0.518 0.512 0.519
XGB 0.520 0.527 0.518 0.520
Average 0.525 0.521 0.514 0.513
* Boldface marks the highest values.
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Duy Trading Strategy(DTS)

™

If Predicted Output, = Up then Buy at F);
If Predicted Output, = Down then Sell at F;
Exit Position at Market Cose;

where Predicted Output, is Uassification
Algorithm Result at t, F, is KOSPR00
FuturesPriceat t, t is 9:05,9:10,9:15,9: 20.
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9A] 5ol F 23200 VAT E wl EX]
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(Table 6) Trading Performance (9:05)

Algorithm TP MDD SR
LOGIT 190.3 74.95 0.048
KNN 225.8 44.55 0.057
RF 81.7 69.15 0.021
SVM 296.1 74.55 0.075
XGB 222.1 74.45 0.056
BM 64.0 121.15 0.016

* Boldface marks the best values.
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(Table 7) Trading Performance (9:10)

Algorithm TP MDD SR
LOGIT 303.65 80.05 0.080
KNN -14.35 92.05 -0.004
RF 85.55 79.0 0.022
SVM 238.05 87.85 0.062
XGB 262.95 78.2 0.069
BM 75.05 117.1 0.020

* Boldface marks the best values.

{Figure 3) Equity Curve of LOGIT Strategy (9:10)
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< HlolEdo|ld M=k 449 4 (equity curve) Hl &S BT
S BHoFa gk vl E 9 Blued Wk Table 9%} Figure 55 941 208 Al ollAe] &
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(Table 8) Trading Performance (9:15) 2% dlo|Edleld MEre] 4~9] 24 (equity curve)
Algorithm TP MDD SR = HefFal gink vl g #j3l vy e
LOGIT 112.55 69.25 0.030 7] 3% Figure 59 EAIBHAT
KNN 40.45 86.1 0.011
RF 216.15 36.35 0.058 (Table 9) Trading Performance (9:20)
SVM 11535 84.8 0.031 Algorithm ™ MDD SR
XGB 189.65 56.1 0.051 LOGIT 181.45 66.2 0.049
BM 67.75 117.8 0.018 KNN -40.15 111.75 -0.011
* Boldface marks the best values. RF -82.75 200.25 -0.022
SVM 186.95 104.95 0.051
XGB 96.85 106.35 0.026
BM 56.15 117.8 0.015

* Boldface marks the best values.

{Figure 4) Equity Curve of RF Strategy (9:15)
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(Table 10) Trading Performance Averages

Algorithm TP MDD SR

LOGIT 196.99 72.61 0.052
KNN 52.94 83.61 0.013
RF 75.16 96.19 0.020
SVM 209.11 88.04 0.055
XGB 192.89 78.78 0.051
Average 145.42 83.85 0.038
BM 65.74 118.46 0.017

* Boldface marks the best values.
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(Figure 6) Average Performance of All Strategies
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<Table 11> Total Profits after Transaction Costs o] LOB AKX Ful FEdd Fu=
Algorithm | 9:05 9:10 915 9:20 e A Ede S T =dBAT
LOGIT | 121.85 | 23520 | 4410 | 113.00 T AEShL, B duEES o8ty 2
KNN | 15735 | -82.80 | -2800 | -108.60 & i 7R 2291200 A A= 7
RF 13.25 1710 | 14770 | -151.20 Ao = ASsIAT ASEd s B A=
SVM | 227.65 | 16960 | 4690 | 118.50 o] A S Hristal o F AFRE ol &5l A
XGB 153.65 | 19450 | 12120 | 28.40 i F7ME ZAHE A4 HlolEgeld
BM 445 6.60 2070 | -12.30 ko] AHE Hrletdth +4 713 2004

199 5E 202213 62 308 7HA1 9] 4,564 7
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* 1 tick transaction costs are assumed.
* Boldface marks the best values.
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Abstract

Classification Algorithm-based Prediction
Performance of Order Imbalance Information on
Short-Term Stock Price

S. W. Kim"

Investors are trading stocks by keeping a close watch on the order information submitted by domestic
and foreign investors in real time through Limit Order Book information, so-called price current provided
by securities firms. Will order information released in the Limit Order Book be useful in stock price
prediction? This study analyzes whether it is significant as a predictor of future stock price up or down
when order imbalances appear as investors' buying and selling orders are concentrated to one side during
intra-day trading time. Using classification algorithms, this study improved the prediction accuracy of the
order imbalance information on the short-term price up and down trend, that is the closing price up and
down of the day. Day trading strategies are proposed using the predicted price trends of the classification
algorithms and the trading performances are analyzed through empirical analysis. The 5-minute KOSPI200
Index Futures data were analyzed for 4,564 days from January 19, 2004 to June 30, 2022. The results of
the empirical analysis are as follows. First, order imbalance information has a significant impact on the
current stock prices. Second, the order imbalance information observed in the early morning has a
significant forecasting power on the price trends from the early morning to the market closing time. Third,
the Support Vector Machines algorithm showed the highest prediction accuracy on the day’s closing price
trends using the order imbalance information at 54.1%. Fourth, the order imbalance information measured
at an early time of day had higher prediction accuracy than the order imbalance information measured at
a later time of day. Fifth, the trading performances of the day trading strategies using the prediction results
of the classification algorithms on the price up and down trends were higher than that of the benchmark
trading strategy. Sixth, except for the K-Nearest Neighbor algorithm, all investment performances using the
classification algorithms showed average higher total profits than that of the benchmark strategy. Seventh,

the trading performances using the predictive results of the Logical Regression, Random Forest, Support

* Corresponding Author: Sun Woong Kim
Graduate School of Business IT, Kookmin University
77 Jeongneung-ro, Seongbuk-gu, Seoul, 02707, Korea
Tel: +82-2-910-5471, E-mail: swkim@kookmin.ac.kr
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Vector Machines, and XGBoost algorithms showed higher results than the benchmark strategy in the Sharpe
Ratio, which evaluates both profitability and risk. This study has an academic difference from existing
studies in that it documented the economic value of the total buy & sell order volume information among
the Limit Order Book information. The empirical results of this study are also valuable to the market
participants from a trading perspective. In future studies, it is necessary to improve the performance of the
trading strategy using more accurate price prediction results by expanding to deep learning models which
are actively being studied for predicting stock prices recently.

Key Words : Limit Order Book, Order Imbalance Information, Classification Algorithms, KOSPI200 Index
Futures, Day Trading
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