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<E 2. Test7]3te] 16709 #3bd Rl 05>
7] 7+ MRMR- MRMR | KOWIZ | kowitz | KOSPI
EIL EIL
T1(2007.06.01~2007.06.27|  5.86% 3.57% 2.51% 3.60% 4.27%
T2[2007.06.28~2007.07.26|  11.30% | 11.25% | -5.35% | 11.28% | 12.11%
T3[2007.07.27~2007.08.24|  -3.48% -4.33% | -13.32% -4.35% | -4.89%
T4 |2007.08.27~2007.09.21 3.09% 7.85% |  -3.34% 7.85% 6.43%
T5[2007.09.27~2007.10.25|  -0.56% 1.02% | -3.27% -1.37% 1.59%
T6|2007.10.26~2007.11.22|  2.20% 2.22% | -5.10% 2.22% | -11.29%
T7/2007.11.23-2007.12.21|  -1.11% 759% | -2.61% 7.59% 5.98%

14



T8|2007.12.24~2008.01.23|  0.99% -9.53% -1.08% -9.30% | -15.16%
T9|2008.01.24~2008.02.25|  3.90% | -14.08% | -14.41% | -14.08% 2.77%
T10|2008.02.26~2008.03.24|  1.16% -3.75% -9.02% -3.68% -3.16%
T11|2008.03.25~2008.04.22|  11.10% 8.34% 3.91% 8.34% 6.75%
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e Ee 88 HAFFR 0.0156%% 7HAskel 16709 HIAE 749 wjuj A3 KOSPI
E 59 5977l MRMR-E/L E9L +13.72%(£6.27%) <]

FJES yed wd MRMR 29, nlEYx-E/L 2Y agu gz rde 747
+2.31%(£7.17%), -87.12%(£5.72%) 18]al -3.83%(£7.36%)2] BT+ ES eRATh
MRMR-E/L 299 o5& Ao Hlurdrt i +10.41%04 Ad +100.84%9)
o] Btk 59717 KOSPIY s&ERY £& £95& YEbd MRMR-E/L 249, MRMR

9 gelm nfagx wdo NS 1; o] w8

N
)
o,
=L

|

—
—
w
—
N
H
=
wW
D
N

ofr
Qi
%

ofr
S

o

= -
=
=
'PU
m
X
—
t
5‘;
10,
£
FN
\2
_>;L'
)
)
R
pis
off dlo
= i

A
Wat7] Y& MRMR-E/L 229 G704 49 &
t}. MRMR-E/L =do] 16709 A H2E #3F 5 1277dA vfzg = 2dut =7 ey
Aorst B o] 9438 Bt

]j

15



ol %

T16

Tis5

Ti3 Ti4

T2 T3 T4 T5 T6 T7 T8 T9 Ti0 Ti1 Ti2

T1

ot

<719 10. MRMR-E/L 22 vs.

KX
=

oA MRMR =23 E/L

23]

ol
i
HJ

)

4

—_—
file)

gsto] g2as Has

e

T

8
Nfo

o

fvzel

X

golA = T FA]

bel AL

9]

# 23}

&5 S7MIAE et 2y & =g A At

)

el

-
oM
HH
o

"
)
o

Mo

olJ
o

T4l

of
Z]

I
ol

7]

Mo
ol
ok

X
Mo

A

of

N
A

ol FAts of

o =Z
T o

N

oz F7hd

oju

oju
o
o
a
olJ
Mo

i, F7hd

S ol 73

oy
X
‘_ﬂ
o)
]
ol

&

boha 714

ol
700

—_
o

Al
=

Fich zeu

S

& Ak

i 2l

o
=

FAolN & o]

&

W

il

B

)

ok

<+

16



Acknowledgement

B oAdFE ofFulgtal Post BK 21 A0 A 2 =1 A H2010-0007804)2] AA+H] Ao
2 FYHANT S AALeH, olo] HAbe] & et}

F1Ed

[1] H. Markowitz, "Portfolio Selection," The Journal of Finance, vol. 7, pp. 77-91, 1952.

[2] M. C. Steinbach, "Markowitz Revisited : Mean-Variance Models in Financial Portfolio
Analysis," Society for Industrial and Applied Mathematics, vol. 43, pp. 31-85, 2001.

[3] J. Brodie, I. Daubechies, C. D. Mol, D. Giannone, and 1. Loris, "Sparse and stable Markowitz
portfolios," European Central Bank2008.

[4] I. Seidl, "Markowitz versus regime switching : an empirical approach,” The review of finance
and banking, vol. 4, pp. 033-043, 2012.

[5] P. K. Narayan and S. Narayan. (2010) Modelling the impact of oil prices on Vietnam’s stock
prices. Applied Energy.

[6] R. Salem, T. A. Shaher, and O. Khasawneh, "International Portfolio Diversification Benefits
for Middle Eastern Investors,” Journal of Money, Investment and Banking, pp. 22-31, 2011.

[7] H. A. Bekhet and A. Matar, "Risk-Adjusted Performance : A two-mdel Approach Application
in Amman Stock Exchage," International Journal of Business and Social Science vol. 3, 2012.

[8] E. D. Andersen, J. Dahl, and H. A. Friberg, "Markowitz portfolio optimization using
MOSEK," MOSEK Technical report, vol. 2, pp. 1-30, 2009.

[9] M. Kong and J. Kim, "The Study on Volatility in Stock Market," Korean Journal of Business
Administration, vol. 25, pp. 953-969, 2012.

[10] T. Jeantheau, "A link between complete models with stochastic volatility and ARCH models,"
Finance Stochast, vol. 8, pp. 111-131, 2004.

[11] H. Amilon, "GARCH estimation and discrete stock prices: an application to low-priced
Australian stocks " Economics Letters, vol. 81, pp. 215-222, 2003.

[12] F. E. H. Tay and L. Cao, "Application of support vector machines in financial time series
forecasting "' Omega, vol. 29, pp. 309-317, 2001.

[13] A. Kanas, "Non-linear forecasts of stock returns," Journal of Forecasting, vol. 22, pp. 299-
315, 2003.

[14] B. Yang, L. X. Li, and J. Xu, "An early warning system for loan risk assessment using
artificial neural networks " Knowledge-Based Systems, vol. 14, pp. 303-306, 2001.

[15] S. Bekiros and D. Georgoutsos, "Direction-of-Change Forecasting using a \Volatility- Based
Recurrent Neural Network," Journal of Forecasting, vol. 27, pp. 407-417, 2008.

[16] D. S. Kim and H. S. Ryoo, "Portfolio Management Using Statistical Process Control Chart,"
IE Interfaces, vol. 20, pp. 94-102, 2007.

[17] K. Park and H. Shin, "Stock Price Prediction based on Time Series Network," Korean
Management Science Review, vol. 28, pp. 107-114, 2011.

[18] K.-j. Kim, "Financial time series forecasting using supportn vector machines,"

17



[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

Neurocomputing, vol. 55, pp. 307-319, 2003.

F. S. Hillier and M. S. Hillier, Introduction to Management Science, 2008.

H. Shin, A. M. Lisewski, and O. Lichtarge, "Graph sharpening plus graph integration: a
synergy that improves protein functional classification," Bioinformatics, vol. 23, pp. 3217-
3224, 2007.

H. Shin, N. J. Hill, A. M. Lisewski, and J.-S. Park, "Graph sharpening," Expert Systems with
Applications, vol. 37, pp. 7870-7879, 2010.

D. Zhou, O. Bousquet, T. N. Lal, J. Weston, and B. Sch olkopf, "Learning with Local and
Global Consistency " Advances in Neural Information Processing Systems vol. 16, pp. 321-
328, 2004.

D. Zhou, O. Bousquet, T. N. Lal, J. Weston, and B. Schélkopf, ""Learning with local and global
consistency " Advances in Neural Information Processing Systems vol. 16, pp. 321-328, 2004.
M. Belkin, I. Matveeva, and P. Niyogi, "Regression and Regularization on Large," In: Shawe-
Taylor, J., Singer, Y. (eds.) COLT 2004. LNCS (LNAI), , vol. 3120, pp. 624-638, 2003.

M. Belkin and P. Niyogi, "Semi-Supervised Learning on Riemannian Manifolds," Machine
Learning, vol. 56, pp. 209-239, 2004.

K.-j. Kim, "Artificial neural networks with evolutionary instance selection for financial
forecasting," Expert Systems with Applications, vol. 30, pp. 519-526, 2006.

K. Park, T. Hou, and H. Shin, "Oil Price Forecasting Based on Machine Learning
Techniques,” Journal of the Korean Institute of Industrial Engineers, vol. 37, pp. 64-73, 2011.
Q. Liu, A. H. Sung, Z. Chen, J. Liu, X. Huang, and Y. Deng, "Feature Selection and
Classification of MAQC-II Breast Cancer and Multiple Myeloma Microarray Gene
Expression Data," MAQC-II Gene Expression, vol. 4, pp. 1-24, 2009.

H. Ryoo, "A compact mean-variance-skewness model for large-scale portfolio optimization
and its application to the NYSE market," Journal of the Operational Research Society, vol. 58,
pp. 505-515, 2007.

0.C. M, R. W, and G. K, "Does updating judgmental forecasts improve forecast accuracy?,"
International Journal of Forecasting, vol. 16, pp. 101-109, 2000.
B. Barber, R. Lehavy, M. Mcnichols, and B. Trueman, "Can Investors Profit from the Prophets?
Security Analyst Recommendations and Stock Returns,” The Journal of Finance, vol. 1, pp.
531-563, 2001.

18



<BZ 1> KOSPI200 £E YAE

i . = = 1)
w30, - = <l ul
- i o mo | K- Ko o = 57 -
S - ou o U T =l .3 & ] <= - 0| X 04
H2 @ = S oo S wle m o~ AL b 20 = = |ZXTF oo I
o i O 8 = @ % T Q - AU A o - o o 5
o) __.%_ o.__é WIW m_.__m oF Ko nv.o, [0 ko = _Mu_._o o O Mx__ ) _.y ﬁ = =) = <l 7w N E.Hllv =
! ol e - = ol ; %0 or - I = =|~ N -
B O 0 5 Y b wo . = w = o < T | ¥ s 5 J
= b | moklw ® |7 W3 S o™ BOS wlsn Kog|® ® S SN
= 2 = O S Mook R R S|a Ko (R Py SEPTRESY [T R R
T &0 o K wls - = | M & w0 M oS5 g s E|LN R E o B
o m = X S| Rz D sk s 2 a R 2y @ R U T A ]
S T © ™ o0 L | o[ = | = M0 L = Lo o= |U » T =< = 3 = |0 < 3 Jan)
o o o R I = S =g il L s 0 o[ g
500 " omE&ET,%EE:T@%EEwEEﬁ% J o B T (Y- L | g
o X Ul = w2 s mim F o< ke <2 e oD < T T - = T ) i T
e 5 G o&m w|< W ool ke R S| s o2 Elyom LR g
s w2 Pyl |5 @ I|mhz|0dFH > "~ I ko - ke [BU s
22 %5 M=l ~ ®|5 okl a 2 5|lg D g @ Wmpslg a2 T 5 =4
o 2 .- mm wn om0l n0 - s K WH =< w o — - bl <0 Wl O X & R 10
3wl r o - T e R 5D Dz D LR - &5 2 =
S D g S |k K T|lwm B ow|m w w|® I S @ Mo om|lw g s|® T g P
s = ™ mr = © = L > i = NG 23 = i0J - | < = T (& =
[ = R0 H 2@ SRS o0z R I I R R Rt L -4
w5 O = YR 1 A S O N (e 1 S == S I~ S [ S = i e
Oz " =l &5 sows 8w TR E %K g o B® g & 5 £ 3 g
Ir o oW ™ oo |m D = Al BT | oS =2 T &
<o RE W B Oof |l No= o d L = %0 Of | o) S|, o KI5 O O T o=
T - < (A ol I e < I = A N ¥ H0 R I = P B =Y o g
I R TR B = B R T s o I e T e Al I v B S R
L L [ R TW|D U Ko = |Or ﬂ B X o 5 OF OH|Z o M| T . I 3
S - @™ 3 - W BE oK RSB Ww sy T (T T R
S B I T 1 = ) = TR R R ) e = I I O R -y
W oW o Mg B WU Rl N Ul s - T 2 omlm - YW | om0 i WO
kw5 Mg (R DN LW WK 5B FoQ o | m @ ow[s A kT A&
w20y e s 3N =R SRk SIRE RS HE g B [0k WY RS o
B e S I L = S S e < R|Y R o|@ R M| o S| i 5 Q
e 1 > S e O e O O I = T I I o< e IR e 1 O e T S T R I S 1 R T i R R
«dr E=) a0
o %0 o r
Il <k 4 K0
Ho sl = = 110 ol
o - 01 il + <k s )
" or 0R0 + + A 0K =
o o1 Ao 4r - n m_ﬂ ol <r =~
o v
no K0 Rl AL 30 o
A0 = = K4
el ~ =

19



