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T4 ofof AAE She

thzo] e o ez FIsteto] HEol
Zhe e eIt olF BAs] doE 71
o] G E I ZFsHA HA=H, olHH A F7+
TEE TAA A5 Hde A FF 55
of dstaL F7ke] S&& d5sh= Ae HE
A 0] “47(double

23l gFoK(Yoon, 2017). ©l&
top), ©|% Hl(double bottom), €T HlF
(rounding bottom), 2] 7] E&(head and
shoulder) °] 38 ¥ FThHan, 2000;
Bulkowski, 2006; Kim, 2013; Yoon, 2017).

<Figure 1>9] A EL A (peak, ©15)2}
vl (valley, HA3)0] A 1A d(zig-zag) & ©]F
ojA flom o] FHxe}t nieE e (turning
point)°] 23l B2t}

Kamijo and Tanigawa(1990)= =7} 3 & <14
o] RNN(recurrent neural networks)< #|-8-3}e] A+
7+ ¥ (triangle pattern)< {123t EE 3FH S
o EES A8 e Zo F3E& FATh
Baek and Cho(2000)= F&F71 X4~ dlo]E
*] Head and Shoulder 23 Z €& oj7jo| sl
st HoJEE AAWE SHEFAIZ & o] & o] &-

Peak aIIe

Double Bottom  Double Top  Triple Bottom

st @A E2

A58 H7skA . Leigh, et al.(2002)=
SH(knowledge engineering)¥} T|©]E] wlo]d(data
mining)& ©]-8-3te] A Z(bull flags) HH S
Zto 2 3tk 10 X 10 AR 120Q(HHE A+
AN E 60€)7H] HolHE 10%% ZehA
Hj x| 5= W O 2 Bull Flags Patternes $14)3}
EE 392 NYSE Composite Indexl 283}
o a7t AeS A58tk Ul = Lee
and Han(2003)°] 22 HHOZ 60 HolHE
g SR E st 571A] o] WEFH v iRl o
Al 5719 M= SRS o] g) o m KOSPI200 A
Foll g3t i siEl EAY 2209 & A4
= i A 3 209 & Aikste WAlo =R
71t &S Atttk

Liu and Kwong(2007)-2 $llo] &3 &4 (wavelet
analysis)?} Multi resolution analysis(MRA) &<
g-gato] F2 AAE oy 7]¥katel] 7hsgt
B3R ¢4 HALE AEdsls dugEe
A A 8HH =T <Figure 1>9] AE HEES dn}
U BEgetA A 58S 73T Lee and

HAE HolHE ggor Fol
A4F

Y N N,

Triple Top

Rectangle Bullish Pennant Bearish Pennant

A I

Descending Symmetrical

Triangle

Ascending
Triangle

Rounding
Triangle Bottom

Rounding Head & Shoulder Head & Shoulder
Top Bottom Top

A e A o A A Myt

Rising Wedge  Falling Wedge  Bear Flags

Bull Flags

Broadening Diamond Cup & Handle

(Figure 1) Chart Patterns
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0(2007)= 4217 oS Azel ok mlA] A
g A JIAES THHCE 1Hst thF
AEY ol H(simulation)s st ‘TF tF
Al E-# o] A(integrated multiple simulation) 7]%H’
< ARt on 7leA] EA oA /\}%E]b =
2 7HA sbs Y F, vAE gj|eo] wi-

g ESls s

Bao and Yang(2008)=

3l
=9

=

AAE Hl ol E ol A

716ke] 2] A A 2']-E T3 TE Ryu, et
al.(2017)= & 2~E F(clustering) S T34 &
R, vlolEl AZEE 918l A At
EE #8319 1 A9E B39

E

22 M&W I}s fE

Levy(1971)< 57 Agroa dAe] sgd

ARG SLAsha 1 A el A L BB 27149 @ e Robhon ol
= z]| E 2= S Ay
TN 3 U A ARE A A NS RIS e S S Mot
DAgdI EHUMS AN EE ’3}9&‘:} (1980)°] Levy®] Azt-2 olojito} 57 jel& <
5 = o]0 o
QuAel HE W 2y 94 o Lee(2012) H°}°ioui M%{ A=l s B
] O 3
=2 O 3 =]
A 21 W Age e sy SIS e e 5 B 4612 A
% vgke] 17§29 ARSI BA L
Y (turning point matrix) HA-S AQFSIATH o 15)A> 1%} 74 & 1o Ak 3 .
o 32747 &L <Fi RER
Lee013)2] AFIAE Taga F7h gy ) Loy S RS i ols £
% BYRoR sasel Ade] Baste qu O WIS WAHIEZIE FRSA.
M1 M2 M3 M4 Wi W2 W3 W4
21435 21534 31425 31524 13254 142583 14352 15243
M5 M6 M7 M8 \ﬁ/i/ W6 W7 W8
32415 32514 41325 413523 15342 23154 24153 24351
M9 M10 M11 M12 W9 W10 W11 W12
42315 42513 43512 51324 25143 25341 34152 34251
M3 M4 M5 M6 Wi3 W14 W15 Wi6
51423 52314 52413 53412 35142 35241 45132 45231

(Figure 2) M and W Patterns by Merril

) Aol I 5% o1 A0l stefsta S0} SIS B A A e sk o o)

el

5% o4 &jete}=
o]: E].Q_ "7;(4%

ROR v B &

66

AF

o5} B2 A o]Z 59, o)Ak 712 o] Ab<sa



A ojof AL JHE

O &~ WMo —
O &~ oo —

R}
M to
ol
ol
i
2
m
2
i yo

B
r 0
™
ST 2
ukr
e
N
N
A
o,
WL
‘E
é

A
EaL Al HMH A3lH o] 2429
St o] 3¢9tk Merrill> MAL

202 Bk WA Zofo] U

Bakth A9, AT o FA A

v 2 A E7| = stoha st A

Aol MAL sfEle] ow dehe] Aoz B

T AL 3T 1898\ B &2 mﬁoﬂ

d 2 orlr oy &
all
iz
2

2R

o =
g

rlr ol

Me s &S s FES OFlTh MA

Hd 1671 F 12707} & FE] 50% /el

1 wA HEE 1678 T 137 HEe s &E
ez}

GAE AAA9 AsAAH S AR &&
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TENA 7 ol AFSEH AL e AFAF
8% ¥ 3tk GA= John Holland®ll ©]3f
AFE AL ‘3‘1, 2 ZK(crossover), & %11 ©](mutation),

I3 I X|(inversion)$} 2o gl whe} A

M
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|

lﬂ

Ae AAAET A AT A MEE
ARg3t “AAA(A S B0 Y E(bit), F 13 0
o] BArE)9] & MAFTNA M Aoz
o] E A7l WH o] tH(Mitchell, 1996).
GA: A3l A5 Z=2ae9, 1Ak, 74
At T o FHopollA S8EHI Qo
Zo] AHgetE Al 2E wudAE A
T HZEE & 3ta AR HAH3E o A
£5+= 7]Holth Kim(2009)2 Support Vector
Machines(SVM) 745 59 HAst ZAE
sAst7] flal GAE AH8-32™, Kim and Ahn
(2010)2 F7HAF 9 dF EPSE SVM
< AHgstE ASE Al2E AFA olF YA
Z](two-threshold) & 2 3}517] 9Aall GAE AH&-
39T Lee and Ahn(2017)2 F7HAS FAHE
FeFA, WA, sEEAe gEF
classification) A AZ FA3t] FIIA|FE o=
st} o
SVM, MSVM)& AH83tHA ds Fds A%
2 3 (wrapper) 241 GAS ©] 831t}

(multiple

Support Vector Machines(multiclass

28w} & St AFRES A 2H

of Sel4e AF] 9131 3 dlolEl H7
3} 2~ (back testing)e] Aol °]FE3s}
= Aol Aot AT v Fr}b e}
Uth= BAo] glone Aag 332
He 497 @ttt WFAE Pardo(1992)
Aergom, WM ~Evto g oabAA T uf
AR E2A He HHAste] deE ST A
ek olth e win) AEE FE U b
o] E{(in-sample data, IS)Z 23}t T}-S 1 wj
MNATE IHE FE 9 dlo]H(out-of-sample
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-IS Test

[ Joos Test

(a) Rolling Type

71819 110]

-IS Test

[ Joos Test

(b) Anchored Type

(Figure 3) Walk-Forward Analysis

data, 00S)°ll A &3l 522X mlol = %3
AFE g ARE d 7 A A
WFAE & 73te] H2E7L 24Ul HlE o5
THE H2EskE 33192 (rolling type)d} H 2
ANz sl w2 A AA 7 =BTt

o
2] (anchored type) 5°] U

r{r

Th<Figure 3>.
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Cao and Tay(2003)% -y
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(routine)<

Tk ole} Al 7
ARg-8FaL ATt
m7pA7E A=

& SVM Hlw APoA WFA T
01%5}"4 AA| HeolE AEE 5719
8}<5(training)-&<l (validation)—El| 228 (testing) 2]
MEZ Yol HAd3Ht}. Zbikowski(2015)%
SVM &/712 @7] FAE dSst= A5 249
oA WFAE AH&sH3iTh

_—

3. N2E JHe

2 ATelM e FERE AL AL AL F
7} 744 HolHE @A o 2 ¢fo] 7 A MZ}
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e 232 GA HZA3E Agkon WFAE
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Foll Aol Wl = HASE Tl ALHA
o2 WA HAskt). o] A (Python) 0. & 7l
el ow, AlEHClH o A= WFA &
E(module)o| Al GA RES A3PA|7]3L GA &
H7F GAC A w2k BHEPS}%
2 APAN7NA Hol Ath<Figure 4>.
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OIBEH 4| ojof AR FHat

. Loop Process IS Period Setting
Initialize - Walk Forward Test » 00S Period Setting
GA Optimize
Input Var Fitness evaluation
S Secti P! Randomize ™ Trading Algorithm —_— Write
ection Read Calc Comp.| Accum.| Lyl “Net | ™ Best
> Input Var. Ly OHLCV _’Zigzag —»Pattern —{Trading Profit Var.
Crossover Data Num. Report T
|

Trading Algorithm

A
00S Section Read Comp. Accum.
Best Input OHLCV —bz(i)azlg' P Pattern —Trading
Data 9zad Num. Report

\

Evaluate ’ Merge Trading Report }—ﬂEvaluate Return on Trading

(Figure 4) Simulator Configuration Diagram

5-day high 5 Bars 5 Bars
5% I I
I
1 |
5-day low
(@) Minimum Change Rate (b) High-Low Line (c)

(Figure 5) Zig-Zag Calculation

g HES FH=Th Merrill> 1980 AgollA]
5% WEE HHE A3l 19841 ARl A
10% THE A3t TE <Figure 5>90A (a) 3
AR5 E A 1A Z(minimum change rate zig-zag)
dgo] o] W{oln dggl dF o] E(Elliott
Wave Principle)l| 4] 355 A = o] o]
AHEE A THHIlL, 2010). A4S A= Wy

< ol9e= 2 7 ¢ 3=

Swing Wave

ol Alxbga] ol ot
A= ] A3zl go] itk & ATl =
nd 17 nd ARE AIAIR A (b) X
AekQl A LA I(high-low line zig-zag) 42}

S ne BRT 7hed Bo| 71 M
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(Figure 6) 4-point patterns
3270 sEo] BE fEF Ao oPEE v

o o]&&te™ Folo] U=
o} & Ao A= Merrill 2 yﬂ
st M2k HR7)E] F & v} 4o
A AT AR, 4789 AfH o R mﬂ%‘
AeE HEHES rolRH F 107l o] U<Figure 6>.
Heold A WA sEe Mixeka W5ty
Merrill®] &7/ W35} FHsiot.
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A Eﬂollﬂé
Zlo] sAlolt} %
o] JHE MI1Z xuo}oai @] 4
= Aolstgrh

L
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o2 d= dA 7+4 AES JE7} <Figure
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A = 37HAI7F ok o= Al AP
A= A 717k AlE#E ol Aol wet A3
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9 Ol O FHE M21, Q4 FHE
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<Figure 6> 1074 790l tiaf 22 Ao =2
HSE B3t o] <Figure 7>°]th.
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MEW TS mfEint RMA LdD2|FS OIS T4 ofof AJLAH Y

M11 M12 Wi W12
@M @W
21534 21435 45132 45231
M21 M22 M23 W21 W22 W23
=N 5 @W@W
41523 31524 31425 25143 35142 35241
M31 M32 M33 M34 W31 W32 W33 W34 i,
@M@ @N\ @W@W@N
43512 42513 32514 32415 23154 241583 34152 34251
M41 M42 M43 W41 W42 W43
51423 51324 41325 15243 15342 25341
M51 M52 M53 M54 W51 W52 W53 W54
ANNSEPNHAN AN
583412 52413 52314 42315 13254 14253 14352 24351
(Figure 7) New Numbered M&W Patterns
AZADL B EE DA ATAT HAS NS 490l @k HnHe B o
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« O@
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golatAtt. Wix #Ele] A 7] EeqA HuF
< B3 ke A9UF BdoE Asa"e
Wiloll A FakstA] eka 7|gst7F Wizt =
M Ak Zolth, vk w127t E7] el 714
o] siEtettid A4k 713]E X Aol o
Wz sjEo] g wj7hA] A H(position) Al
& frAE

<Figure 8> vl 42|52 AS5S 28 4
4 =92 4 2~Ed o]t (YesTrader)oll 283 £
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T4 ofof AAE She

0000101000000101  00001}f170000000 1

00000/11100000011 0000001000000 1 1

(Figure 9) Multi Point Crossover

Variable A Variable B
L0 | 5 |
L7 [ 3 |

Variable A Variable B
L5 [ 1 |
L2 [ 7 |

D

(Figure 10) decimal calculation example

AgE Hrh AE, AE HHE Fsitr B
ool =3F 8 A BT Ak ghol o}
A Aol e TaEE wE -7t gl
o2 g F o EdRlolE gol Sy
A Wl 3 HEE Eddols A4 e
2 445 EAWo9 JiE ol ¥th

33 ME 24 HE

WFA° A 1S9} 00S9] 7|7HE o9 Al AA st
Lupoll whet A o] ARE We AolE B
At PAH R HAEE T T F glom
2 HA 7 AFE 138k <Table 1>4H 12
7IA 2 H2Es) Bk

IS 73t GAR 22 HA "5 00S T3¢
o A&ste] v wju} AAES AHsto HF
T)EY HEAE 5 Altetdth 008 T+
8] A} ofs B Alxtetr] AAal vl 00S
T3 FEY e 29 A7l LIRS A
=g

(Table 1) Walk Forward Analysis Test Case

No. Type IS Period OOS Period
1 Rolling 2 years 3 months
2 Rolling 2 years 6 months
3 Rolling 3 years 3 months
4 Rolling 3 years 6 months
5 Rolling 1 year 3 months
6 Rolling 1 year 6 months
7 Anchored 3 years 3 months
8 Anchored 3 years 6 months
9 Rolling 2 years 1 month
10 Rolling 2 years 1 year
11 Anchored 3 years 1 month
12 Anchored 3 years 1 year

M&W el o] ARt Z19],
EFolEE WEH 00S Tl A wjujr} iy
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(Table 2) Simulation Report

Net Profit Return On Total Percent Magoagaw Profit Return On| Ratio Avg | Avg Ratio
Account Trades Profit Factor MDD Win Loss Return
Percent

p2w4zl | 301,974,642 151.0 335 53.7 -13.5 1.7 4.6 1.5 6.1
p2wl2z1 | 219,436,346 109.7 249 52.6 -10.8 1.6 4.7 14 6.8
p3w3z3 | 217,614,915 108.8 249 454 -18.1 1.7 3.0 2.0 6.6
p2w8z3 | 213,203,998 106.6 235 57.9 -14.3 1.7 34 1.2 6.7
p2w3zl 192,237,903 96.1 440 50.2 -19.5 1.4 2.6 1.4 34
p3wl2z3 | 190,987,505 95.5 144 479 224 1.8 2.3 1.9 11.6
p2w9z1 183,494,671 91.7 647 433 -23.8 1.3 1.8 1.7 2.3
p2w4z3 | 175,929,289 88.0 236 53.8 -12.6 1.8 43 1.5 59
p2w10z2 | 168,483,503 84.2 155 574 -17.6 1.8 2.2 1.3 8.8
pdwllzl | -54,311,761 272 634 36.4 =343 0.6 -0.7 1.1 -1.0
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(Table 3) Final Result

Return On| Percent Max Draw | Return On Profit Ratio Avg| CPC |Information| Sharpe
Account Profit | Down Percent MDD Factor | Win Loss | Index Ratio Ratio
KOSPI 28.7 -15.8 1.6 - - - - 0.7
p3wl2z3 95.5 479 -22.4 2.3 1.8 1.9 1.7 0.3 1.1
p3w3z3 108.8 45.4 -18.1 3.0 1.7 2.0 1.5 0.4 1.2
p2wazl 151.0 53.7 -13.5 4.6 1.7 1.5 1.3 0.4 1.5
p2w8z3 106.6 57.9 -14.3 34 1.7 1.2 1.2 0.0 1.3
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Abstract

Development of a Stock Trading System
Using M & W Wave Patterns and Genetic Algorithms

Hoonseok Yang* - Sunwoong Kim* - Heung Sik Choi**

Investors prefer to look for trading points based on the graph shown in the chart rather than complex
analysis, such as corporate intrinsic value analysis and technical auxiliary index analysis. However, the
pattern analysis technique is difficult and computerized less than the needs of users. In recent years, there
have been many cases of studying stock price patterns using various machine learning techniques including
neural networks in the field of artificial intelligence(Al). In particular, the development of IT technology
has made it easier to analyze a huge number of chart data to find patterns that can predict stock prices.
Although short-term forecasting power of prices has increased in terms of performance so far, long-term
forecasting power is limited and is used in short-term trading rather than long-term investment. Other
studies have focused on mechanically and accurately identifying patterns that were not recognized by past
technology, but it can be vulnerable in practical areas because it is a separate matter whether the patterns
found are suitable for trading. When they find a meaningful pattern, they find a point that matches the
pattern. They then measure their performance after n days, assuming that they have bought at that point
in time. Since this approach is to calculate virtual revenues, there can be many disparities with reality.

The existing research method tries to find a pattern with stock price prediction power, but this study
proposes to define the patterns first and to trade when the pattern with high success probability appears.
The M & W wave pattern published by Merrill(1980) is simple because we can distinguish it by five
turning points. Despite the report that some patterns have price predictability, there were no performance
reports used in the actual market. The simplicity of a pattern consisting of five turning points has the
advantage of reducing the cost of increasing pattern recognition accuracy. In this study, 16 patterns of up
conversion and 16 patterns of down conversion are reclassified into ten groups so that they can be easily

implemented by the system. Only one pattern with high success rate per group is selected for trading.

* Graduate School of Business IT, Kookmin University
** Corresponding Author: Choi, Heung Sik
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Patterns that had a high probability of success in the past are likely to succeed in the future. So we trade
when such a pattern occurs. It is a real situation because it is measured assuming that both the buy and
sell have been executed.

We tested three ways to calculate the turning point. The first method, the minimum change rate
zig-zag method, removes price movements below a certain percentage and calculates the vertex. In the
second method, high-low line zig-zag, the high price that meets the n-day high price line is calculated at
the peak price, and the low price that meets the n-day low price line is calculated at the valley price. In
the third method, the swing wave method, the high price in the center higher than n high prices on the
left and right is calculated as the peak price. If the central low price is lower than the n low price on
the left and right, it is calculated as valley price. The swing wave method was superior to the other methods
in the test results. It is interpreted that the transaction after checking the completion of the pattern is more
effective than the transaction in the unfinished state of the pattern.

Genetic algorithms(GA) were the most suitable solution, although it was virtually impossible to find
patterns with high success rates because the number of cases was too large in this simulation. We also
performed the simulation using the Walk-forward Analysis(WFA) method, which tests the test section and
the application section separately. So we were able to respond appropriately to market changes. In this
study, we optimize the stock portfolio because there is a risk of over-optimized if we implement the
variable optimality for each individual stock. Therefore, we selected the number of constituent stocks as
20 to increase the effect of diversified investment while avoiding optimization. We tested the KOSPI market
by dividing it into six categories. In the results, the portfolio of small cap stock was the most successful
and the high vol stock portfolio was the second best. This shows that patterns need to have some price

volatility in order for patterns to be shaped, but volatility is not the best.

Key Words : Stock Trading System, M&W Wave Patterns, Genetic Algorithm, Walk-Forward Analysis,
Portfolio Optimization
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