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(Table 1) Sample Data

Price data Supply-Demand Data
Code Date
Open Close Individual Foreign Institutional
A005930 2007-01-02 183000 187500 -19379 31942 -7544
A005930 2007-01-03 187500 185500 44250 -18255 -28570
A005930 2007-01-04 187000 180000 82101 -43094 -50596

B4 712 B AWF oz fofdk o] EAA
I7F e, A Al S AR B A
gH]-go] Yebd o 24 =5 FatAte] ko] &
Aol thg AT AFAE AR

T SEAES FAAREANA L 3
T2 BAAPE s HlolHE AlFdith B
=AM dAlSd APIE o]8st FAAE
s HolE & AR B4 A= 719,
o=}l 7%, 5§, BY, T4, 23, 7eaE,
A7, 71EkR], 718kl Ql, APRHEE, S 7bA| 2}
A e HolEE AT AA AR, o=
], 71#eE BRE 7 a1 9 7EES, 7
EF9JQIS oo &3kA] Feth VHe S, B
A, FAL 23, 7Iee6, QUls, AAREE, =
A AA 7} o]l 43HTH(Yi and Lee, 2004; Moon
et al., 2016).
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{(Table 2) Normalized Data

Normalized  state
Code Date
Returns Individual Foreign Institutional
A005930 2007-01-02 0.0246 -0.02471 0.052731 -0.01083
A005930 2007-01-03 -0.0107 0.056425 -0.03014 -0.04101
A005930 2007-01-04 -0.0374 0.10469 -0.07114 -0.07263
3 Wl A7t AR Pl Se <Table 2> P12 g 913 4ts o)

HsiA 49 el o] A FsK(Normalization) 74
S Z13)3}3 tHHeaton, 2012).
07|13 D' THAEolE = B F7tolA B
AZFE Wil O ghe B AR UHEA 3
AE(PL)E AYstlal, B A3 HolH
(VM) The 2ol ALtsiaith

PL;=(C;—0;)/0;, & i=1,2, ...,
57t O B A7}

n,C: Y

_ 4
N; -7, A i=1,2,...n,d;: TY AYHE d
°JH
T = MAX(S;) - MIN(S;), 2 i=1,2,...,0,5;
ridi,¥i=1,2,...,n

olEl BelFm glck

b

o
o>
o=
T

32.2.
Aitste g, N, =9, 718 ARF
HolBE [laaldne] Arjzd A= 2y
35S A7 S EE FE2EHY AT
FHLEY Sha& A7171 914l 2007 14 2
YHE 20149 12€ 31Y7HAE ShEHOlHE
ARE3EAL, 2015 1€ 197E] 2017 74 31
IHAE FELHY st St HelEE
2007 1€ 295 2014d 12€ 31Y7HA] AHE
g AL ARy dazls R Sy A H
2Eo| wle HolE7} 2R 271 919 Aol
o}, sk HlolE Y= 1986Y(75.71%)°01H &

Result — Group number in 20 cases(1~20)

D ¥ . Ts T 7

00245 \ 002471 |

Input - Normalized data

(Figure 1) Clustering Learning Model
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H2EHE ol A= 2623Y(100.0%)°]th
<Figure 1>2 S| 2HY St5& =43 &
&S HoFrh
Input Datat= 47l 3L Output Data:= 207} ]
Layer 2712 Hidden Layer= §Ith €82 <
ZF JAFAEAM xS AH O E <Figure 1>4H 1
FIFE 25207149 2 AZAAEMETE =

Het

< B3 aEsst
At 1™ 3

BHEE QEZA ol & o]EstH
SIA7EA] 158 209] Aol AES]
SRR FL FE0lal LERTH
FFo= 7Rl &=<l, 71#e] A bl
o] =o|th ALY AEE B U S0 53}

<Table 3> S 2HY S st Y 2 A dlolE <] Hl&=E ov] e HHS B
ZE Numbere A+ AFAZA A L] Mot T JTh 1S B FolEo] w1 /], 71#
(Table 3) Clustering Result
Code Date Result Individual Foreign Institutional Number
A005930 2007-01-02 0.0081 -0.0083 0.002 -0.0007 20
A005930 2007-01-03 -0.0255 0.0189 -0.0012 -0.0027 7
A005930 2007-01-04 -0.0065 0.035 -0.0028 -0.0048 3

(Figure 2) Average Radar Chart of Group Patterns in 20 Cases
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(Table 4) Clustering Data

TYPE [A005930|A000660|A005380|A015760|A012330| A035420{A005490|A055550|A090430|A051910

29 43 40 124 54 20 91 46 62 63

2 40 11 42 22 45 27 44 33 7 24

3 336 12 90 20 97 243 40 78 10 69

4 182 35 78 31 118 43 84 19 72

5 40 217 78 201 64 21 92 131 54 102

6 97 253 127 223 135 69 132 158 116 142

7 85 84 178 83 159 182 95 108 89 153

8 18 17 46 63 47 29 70 36 27 60

g 19 42 57 82 48 22 86 48 54 68

10 31 217 134 128 04 76 162 141 483 106

11 71 133 108 105 24 97 136 129 72 104

12 210 94 134 62 37 192 73 121 24 89

13 239 54 109 50 36 155 71 89 8 95

14 25 37 57 90 65 31 68 47 20 67

15 31 65 58 129 68 48 100 83 51 125

16 46 121 109 125 103 52 136 123 281 144

17 54 62 102 54 92 73 145 86 227 94

18 49 171 137 183 125 90 227 156 282 182

19 64 136 131 119 116 125 99 116 65 99

20 319 181 170 91 185 315 75 172 34 127

o A vleo] =tk W 10Me FjEe HEHe IR 7P 225 A°] olyth 2R/

S ], 9=, 71 AdEe] 2 As A9 ZY A= Input Datat 60 HlolE| 3T

2 7 dok 162 FYES =04 A9, o= < UL Target Data - 27FA1 9] &

A, 71 Aol e & o Utk old ol g3t FsIt stte dYsETt webA =2
FHZEH S Tl velHEY AEIL onE HEE oA U2 dlolHE Heksfop .

ZEs O53d & o <Figure 3> Tlo¥] HE WS Ho|Fal 9]

o

<Table 4>= 2t 5 g<5dlolH 1985¢

S 2HY 3 P 2E BEE0|H

LFYA m¥ A= Input Data®t Output
Data 3j§lo] 2}7] 228} A= 2y =9 tolH

2

<Figure 3> A1 91Z: dlolE&= 27| 223} A
T B U =9 FHolth QEZX Ho|E
T A7) 235 Ax 2y tolEE 59 14
o2 60Y A& HolHE AEAA 7FE HolH
=2 W3St Input DataE TH=TF ©|w] Target
Data® =H]3}=0]| Target Datax= 145 Hl°]E 9]

vhA e el Thed A7k 209 F FhE 4
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UES - UM 254
Code Date Group
A005930 | 2007-01-02| 20 )
igg:zig jgg;:gi:i Z Group information for 60 days every 5 days T
2005930 | 2007010513 1 2 3 4 5 6 [ 7 1 8]9 10111213 14|15 60
005930 | 20070103 3 200 7 30313333 ]19|[13]12[6 ]3] 4]2 4| 2
A005930 | 20070100 | 2 3 (3] 31913122634 |20]20|20]|12|9]4 13| 2
A005930 | 2007-01-10| 3 1121 6 3 4 202020 12| 9 4 3 6 |17 18| 3 13 2
005930 | 2007-01-11] 3 20 l20[12] 9]l a |36 27|18 3[3[3[3]2]3 3| 2
A005930 | 2007-01-12| 19 3|6 |17 )18 3|33 | 3|23 |3 |20[11]2]2 3| 2
A003930 | 20070115 13 "3 1332033201 ]20]20]13]12]7]3]3 6 | 2
igg:ggg jgg;gii? 1: 3l2olunl2of2olll7]3[3]3]3[3]2]6s 1] 1
~oosss0 aoororael 13l 733331326 z20f[13[13/12]3 4| 1
2005930 | 20070115 33326 |2f[13[13[122]3[20f[20]3]4]s 3| 1
2005930 | 20070122 | 20 20/13(13|12| 320|203 ] 4|5 |[12[11][13]3]4 20| 2
AD05920 | 2007-01-23| 20 20 | 20 3 4 5 12 | 11 | 13 3 4 4 4 4 15 | 13 20 1
005930 | 2007-01-24| 20 12 113|344 4a]af1s|31211]6 ] 4]13 0] 1
A005930 | 2007-01-25| 12 4 | 4| 415131211 6| 4]13/13/12] 6 |12]3 2] 1
AQ05930 | 2007-01-26| 9 127|116 | 41313126 123 [a]a|]s5]5]3 16| 1
A005830]2007-01-29] 4 13126 |12 344|553 f20[12]4]15]6 13| 2
iﬁﬁiiiﬁ 333?312? : 4| a4 s|s|3]olwlal1s]e 3]l n 8 | 2
2005530 20070201 13 20|12 4|15 6 |13]|19]12]13 11| 4|12 4] 5]4 12| 2
005930 | 20070002 | 18 13191213114 ]12]4]5s5|4[z3]3]13]6]32 5 | 2
N/ [2005930 [2007-02-05] 3 4 |12 4|5 |43 | 3|13|6|3|4]|5]5]4]|2 7| 2
A005930 | 2007-02-06 3
(Figure 3) Data Conversion Method
o =] [e) =] -
8L Fao] e £4L Agdlel HolEHE  HolEE WA RER I3 ot
e T 9)\‘4 <Figure 3>°|A] 2E2% Ho]E <] A FAHL 15E ugEgo g s 200 7t
Typeol & HolHE 19 A9 des 9 At s Y-S BE 2000 77k dlolE 7L
vjate] & Solgol ot F¢ vl 20 e 2L B & itk <Figure 25004 W7} 2
e Behg oujatn £o)gol 0t AL FF sbdo] FEol ¥ AL % 5 e
2 A5 dEth <Figure 4> X% 45 #Hol 714 AsEo] ¥t
<Figure 4>% Input Data®] ‘&<, 3tehe] A= FE=E AL E F 9o
Pattern1(Down) Pattern2(Down)
I-I S} HiH
T i 33.2. HO|E| H7ia} Wiy
' 4 5 o = <
, Mgl s AsiA Y e gt
/ 5 [e) S =
n s} 92 WY
31 31
2E 9l O5F3 diolHE B3l sk
Pattern4(Up)
Gi =g * 001, ?‘—_J i = 1, 2, t,n, gl %J_HE:‘
53} dolE, G : AtskE i 253) vlolH

(Figure 4) Radar Chart of Input Data
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Purpose, Result - rise and decline after 20 days

__ Hidden
Layer

0. 002

Day 1 Day 2
Group Group

Day 39 Day 60
Group Group

Input - Enter 60 days of group information

(Figure 5) Classification Learning Model
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(Table 5) Prediction Results of Error Propagation Model

Date Return Entry [Success Date Return Entry [ Success
on Portfolio | number | rate(%) on Portfolio | number | rate(%)
2015-01-02 863 6 100| 2016-05-02 -132| 6 50
2015-02-02 511 6 100| 2016-06-01 116] 7 57
2015-03-02 392 5 67| 2016-07-01 014 6 50
2015-04-01 495 3 80| 2016-08-01 117 6 50
2015-05-04 442 4 0| 2016-09-01 041 4 60
2015-06-01 -496| 8 29| 2016-10-04 017 6 75
2015-07-01 021 6 33| 2016-11-01 232 2 33
2015-08-03 489 6 0| 2016-12-01 323 6 71
2015-09-01 865 7 100| 2017-01-02 079 6 50
2015-10-01 228 4 75| 2017-02-01 -056| 4 50
2015-11-02 331l 6 75| 2017-03-02 014 5 40
2015-12-01 004 4 50 2017-04-03 -153] 6 50
2016-01-04 222 6 33| 2017-05-02 989 4 100
2016-02-01 923 5 100| 2017-06-01 704 3 100
2016-03-02 266 5 67| 2017-07-03 447] 4 75
2016-04-01 436| 4 100|  Total 5588 160 62.57
REU H8a7] oglg 2017d Hx AT 4. HMYY Ms HI} Y TEZQ
<= A 1 20161 AT L E AT o] % MI} M
AZ dlolE 7t Hol /I X8 =5 20179l 7
NEzre] HolHE F7}st3ith <Table 5>= TEZg| oo 98 Az} 2g =
EEEESE 0159 TETE 017 T g gt )2 43Ee] Astelnk 43 HolH
A w4 A ALl L RIATG 2y AEAT °o] FEZ o ATW o= ATEO A=
B A AW TR ERT FHEEE T 50159 59.05%, 20161 62.24%, 2017 66.43%
T g 7kAS 3 AR Aol v =t 2 F HT AFES 6257%2 A HolE 9
AL 209 F F7kel. ZEEYQ A5 YFES 4TI 2L ARE
TEE PLARE HhEt v e E@l—r ok ol A FEo] HelFRo] 9 4
FERE 0.015%, AT 03%=2 FAES 7t © HlEste A o AL o 4 9t o
Astsin = gl sl wolE 9] Slro] I HS
S HoFE Az B 4 98 Zojth
PL = (C—-0)—0%0.00015—C*0.00015—Cx0.003 i 100’

[0}

O : wWi<7h C @ W=7}
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(Table 6) Return on Portfolio
Date Same  allocation rate(%) Compound  interest rate(%)
Portfolio Benchmark | KOSPI200 KOSPI Portfolio Benchmark | KOSPI200 KOSPI
2015-01 8.63 4.03 2.66 1.92 8.63 4.03 2.66 1.92
2015-02 5.11 1.99 1.79 2.59 14.18 6.10 4.51 4.56
2015-03 3.92 0.21 0.95 1.16 18.66 6.32 5.50 5.77
2015-04 4.95 495 4.72 5.52 24.53 11.58 10.48 11.60
2015-05 -4.42 -7.06 -4.22 -2.62 19.03 3.70 5.82 8.68
2015-06 -4.96 -3.02 -2.06 -0.94 13.13 0.57 3.64 7.66
2015-07 -0.21 -3.88 -2.88 -1.84 12.89 -3.33 0.65 5.68
2015-08 -4.89 -4.63 -4.48 -4.18 7.38 -7.81 -3.85 1.26
2015-09 8.65 4.34 2.09 1.47 16.67 -3.81 -1.84 2.74
2015-10 2.28 4.68 5.21 3.6 19.32 0.69 3.27 6.44
2015-11 3.31 0.4 -0.32 -0.2 23.28 1.09 2.95 6.22
2015-12 0.04 -0.31 -1.73 -1.76 23.33 0.77 1.17 435
2016-01 -2.22 -3.15 -3.01 -2.17 20.59 -2.40 -1.88 2.09
2016-02 9.23 5.43 3.1 2.01 31.73 2.89 1.16 4.14
2016-03 2.66 2.82 2.97 2.6 35.23 5.80 4.17 6.85
2016-04 4.36 0.85 -0.16 -0.03 41.13 6.69 4.00 6.82
2016-05 -1.32 -1.58 -0.5 -0.42 39.26 5.01 3.48 6.36
2016-06 1.16 0.95 -0.16 -1.04 40.87 6.01 3.32 5.26
2016-07 -0.14 2.19 2.82 2.21 40.67 8.33 6.23 7.59
2016-08 -1.17 2.57 1.42 0.38 39.03 11.12 7.73 7.99
2016-09 -0.41 0.98 1.66 1.58 38.46 12.20 9.52 9.70
2016-10 0.17 -1.01 -1.38 -2.37 38.70 11.06 8.01 7.10
2016-11 -2.32 -2.96 -0.94 -1.26 35.48 7.78 7.00 5.75
2016-12 3.23 2.53 1.91 1.86 39.86 10.51 9.04 7.72
2017-01 0.79 1.9 3.34 2.24 40.95 12.61 12.68 10.13
2017-02 -0.56 0.36 0.33 0.79 40.17 13.02 13.06 11.00
2017-03 0.14 2.55 3.57 2.94 40.36 15.90 17.10 14.25
2017-04 -1.53 24 2.02 1.82 38.21 13.12 19.47 16.33
2017-05 9.89 6.9 5.35 5.92 51.88 20.92 25.85 2322
2017-06 7.04 -0.37 2.57 2.02 62.57 20.48 29.08 25.70
2017-07 4.47 2.04 0.52 0.14 69.83 22.94 29.76 25.88
Average 18.02 7.19 8.76 7.71
Total 55.88 22.3 27.18 23.9 69.83 22.94 29.76 25.88
<Table 6>°A] MEFEHL] LH FAES 9| T5 TIE
g3kl ZEST 00 Ul Fo 8} By 5 SPL = T7 PL, : 78 F5 SR o8] 3
8¢ Tanh
FYE FYE(PL)S = Zo] ALkst Y] FAECHS 3 2ol ALk
Ak
Cl=(1+4+PLy)*(1+PLy)=--x(1+PL,)
PLi=Px1/n, &5 i=12,..,0,P; : /|
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(Figure 5) Compound Interest Rate

<Table 6>A] FYullE F2E2] KOSPI200
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(Table 7) Performance Analysis

Portfolio Benchmark KOSPI200 KOSPI
Same allocation rate(%) 55.88 22.30 27.18 23.90
Compound interest 69.83 22.94 29.76 25.88
rate(%)

Average annual return(%) 21.63 8.63 10.52 9.25
MDD(%) 14.85 13.96 9.82 10.10

Standard deviation 0.140 0.110 0.089 0.079
Sharpe ratio 1.436 0.645 1.009 0.974
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Abstract

Performance of Investment Strategy using
Investor-specific Transaction Information and
Machine Learning

Kyung Mock Kim** - Sun Woong Kim** - Heung Sik Choi*

Stock market investors are generally split into foreign investors, institutional investors, and individual
investors. Compared to individual investor groups, professional investor groups such as foreign investors
have an advantage in information and financial power and, as a result, foreign investors are known to show
good investment performance among market participants.

The purpose of this study is to propose an investment strategy that combines investor-specific
transaction information and machine learning, and to analyze the portfolio investment performance of the
proposed model using actual stock price and investor-specific transaction data. The Korea Exchange offers
daily information on the volume of purchase and sale of each investor to securities firms. We developed
a data collection program in C# programming language using an API provided by Daishin Securities
Cybosplus, and collected 151 out of 200 KOSPI stocks with daily opening price, closing price and
investor-specific net purchase data from January 2, 2007 to July 31, 2017.

The self-organizing map model is an artificial neural network that performs clustering by
unsupervised learning and has been introduced by Teuvo Kohonen since 1984. We implement competition
among intra-surface artificial neurons, and all connections are non-recursive artificial neural networks that
go from bottom to top. It can also be expanded to multiple layers, although many fault layers are
commonly used. Linear functions are used by active functions of artificial nerve cells, and learning rules
use Instar rules as well as general competitive learning. The core of the backpropagation model is the
model that performs classification by supervised learning as an artificial neural network.

We grouped and transformed investor-specific transaction volume data to learn backpropagation
models through the self-organizing map model of artificial neural networks. As a result of the estimation

* Corresponding author: Heung Sik Choi

Graduate School of Business IT, Kookmin University

77 Jeongneung-ro, Seongbuk-gu, Seoul 136-702, Korea
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** Graduate School of BIT, Kookmin University
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of verification data through training, the portfolios were rebalanced monthly. For performance analysis, a
passive portfolio was designated and the KOSPI 200 and KOSPI index returns for proxies on market
returns were also obtained.

Performance analysis was conducted using the equally-weighted portfolio return, compound interest
rate, annual return, Maximum Draw Down, standard deviation, and Sharpe Ratio. Buy and hold returns
of the top 10 market capitalization stocks are designated as a benchmark. Buy and hold strategy is the
best strategy under the efficient market hypothesis. The prediction rate of learning data using
backpropagation model was significantly high at 96.61%, while the prediction rate of verification data was
also relatively high in the results of the 57.1% verification data. The performance evaluation of
self-organizing map grouping can be determined as a result of a backpropagation model. This is because
if the grouping results of the self-organizing map model had been poor, the learning results of the
backpropagation model would have been poor. In this way, the performance assessment of machine learning
is judged to be better learned than previous studies.

Our portfolio doubled the return on the benchmark and performed better than the market returns on
the KOSPI and KOSPI 200 indexes. In contrast to the benchmark, the MDD and standard deviation for
portfolio risk indicators also showed better results. The Sharpe Ratio performed higher than benchmarks
and stock market indexes. Through this, we presented the direction of portfolio composition program using
machine learning and investor-specific transaction information and showed that it can be used to develop
programs for real stock investment.

The return is the result of monthly portfolio composition and asset rebalancing to the same
proportion. Better outcomes are predicted when forming a monthly portfolio if the system is enforced by
rebalancing the suggested stocks continuously without selling and re-buying it. Therefore, real transactions
appear to be relevant.

Key Words : Investor-specific Transaction Information, Machine Learning, Robo-advisor, Trading System
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