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Appendix

1. Figure

KOSPI log return x107° KOSPI log return?
008 ; ; ; ;
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(a) KOSPI log return (b) Squared KOSPI log return

Figure 1: Daily KOSPI log return and squared return from January 5, 2004 to August 29, 2014. Shaded
areas represent recession periods announced by the department of statistics in Korea.
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Figure 2: Coincident composite index (CCI), VKOSPI, and housing market price index (HPI) from
January 5, 2004 to August 29, 2014. Shaded areas represent recession periods.
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Figure 3: J?(Xé_lA) and hy estimated from the semiparametric single index model. Sample perod is
from January 5, 2004 to August 29, 2014, and shaded areas represent recession periods.
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Figure 4: Autocorrelation functions of squared KOSPI return (y?) and y? /f(X{_lg) (X{_lg) is
estimated from the semiparametric single index model.
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X107 GJR-GARCH Single Index Model
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(a) hs from GJR-GARCH model (b) e from semiparametric single index model

Figure 5: /i\zt from GJR-GARCH model and semiprametric single index model from January 5, 2004 to
August 29, 2014. Shaded areas represent recession periods.
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2. Table

Table 1: Unit root test results for economic and financial variables

With intercept ~ With intercept and trend

coincidenc composite index

(1)AR coefficient 1.0002 1.0001

(2)ADF test —0.3403 —0.3405

(3)KPSS test 11.5167*** 5.9928***
VKOSPI

(1)AR coefficient 0.9850 0.9837

(2)ADF test —4.0145* —4.0175***

(3)KPSS test 32.9212%* 17.5121%
housing market price index

(1)AR coefficient 0.9999 1.0004

(2)ADF test —1.7421 —1.7434*

(3)KPSS test 253.8291*** 33.1127***

Notes : (1) The table gives an overview over unit root test results. The followings should be checked;
1) AR coefficient is clost to unity, 2) the null hypothesis of ADF test is not rejected, 3) the null
hypothesis of KPSS test is rejected.

(2) ** p <0.01,** p<0.05* p<0.1.

20



Table 2: Parameter estimates of volatility models

GJR GARCH-X MIDAS  semiparametric single index
a 0.0368***  7.8208 x 106 **  0.0426*** 1.2942 x 1078
(1.08927%)  (2.7147 x 107%)  (0.1101) (2.9257 x 1078)
v 0.0906*** 0.1741*** 0.0797*** 0.0993***
(3.51887%) (0.0305) (0.0192) (0.0220)
A 0.8993** 0.8283*** 0.8990*** 0.7953***
(1.6826~4) (0.0502) (0.0134) (0.0444)
a+v/2+ 6| 09814 0.9153 0.8876 0.8449
GARCH-X MIDAS
m | 3.5433 x 1078 [ 6 | —2.9094 x 10~7
(9.3523 x 1077) (0.0028)
w21 28.1103***
(0.1618)
7 | 3.5000 x 1077 * [ 6y | —1.0847 x 107
(1.4801 x 10~7) (0.0006)
w22 5.0036***
(0.0956)
73 | 5.0926 x 1078 | 3 | —1.5288 x 107
(6.4716 x 1077) (0.0020)
LL)273 6.0028
(8.3573)

Notes :

(1) @ +7/2 4 S indicates persistence measure. (2) The numbers in parentheses are standard
errors (3) *** p < 0.01,* p < 0.05,* p < 0.1. (4) In GARCH-X model, 7 indicates coefficient of
the reciprocal of coincident composite index, mo refers to coefficient of VKOSPI, and 73 stands for
coefficient of the reciprocal of housing market price index. (5) GARCH-MIDAS model is estimated
under restriction of w; = 1 in beta weighting function. 8; indicates coefficient of diffrence of coincident
composite index in f;, 05 refers to coefficient of diffrence of VKOSPI, and 65 stands for coefficient of

diffrence of housing market price index in f;. wo; is parameter in beta weighting function.

Table 3: B\ of single index model and semiparametric single index model

single index

semiparametric single index

B
B2
B3

-0.2588
0.9545
-0.1479

-0.2226
0.9574
-0.1840

Notes : 1 indicates coefficient of coincident composite index, 35 refers to coefficient of VKOSPI, and

B3 stands for coefficient of housing market price index.

Table 4: Comparison of in-sample fitting

GJR GARCH-X MIDAS single index semiparametric single index
QLIKE | 0.1951 0.1917 0.1947 0.1753 0.1518
DMW | 5.4387***  6.3547*** 5.3951*** 3.9919**

Notes :

21

(1) The lowest QLIKE loss is presented in bold. (2) ** p < 0.01,"* p < 0.05,* p < 0.1.



Table 5: Comparison of out-of-sample forecasting

GJR GARCH-X MIDAS single index semiparametric single index
QLIKE | 0.2272 0.2128 0.3643 0.2062 0.1764
DMW | 5.8313***  5.7440*** 7.7809*** 3.6760***

Notes : (1) The lowest QLIKE loss is presented in bold. (2) *** p < 0.01,"* p < 0.05,* p < 0.1.
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Adopting economic and financial variables

to explain stock market volatility in Korea *

Seunghee Lee Heejoon Han?

Abstract

This paper studies stock market volatility in Korea using a semiparametric single index volatility
model, in which a single index long run component induced by exogenous covariates is multiplied
to a GARCH short run component. When a covariate is nonstationary, i.e. integrated or near-
integrated, the model can account for time-varying unconditional variance of financial time series.
Among various economic and financial indicators, it is found that the coincident composite index,
VKOSPI, and housing price index are helpful in fitting and forecasting stock market volatility in
Korea. It is shown that the model using these three variables outperforms standard models both

in terms of in-sample fitting and out-of-sample forecasting.

This version: Dec 4, 2015
JEL Classification: C22, C50, G12

Key words and phrases: volatility, semiparametric single index model, GARCH-X, nonstationarity

*We would like to thank Chang Sik Kim(Sungkyunkwan University), Joon Y. Park(Indiana University &
Sungkyunkwan University) and participants of 2015 Korean Econometric Society Summer Meeting, 90th Annual con-
ference of the West Economic Association International(Honolulu), 2015 Workshop of Sungkyun Institute of Economic
Research for helpful comments and suggestions.

TM.A. Student, Department of Economics, Sungkyunkwan University, 25-2, Sungkyunkwan-ro, Jongno-gu, Seoul
03063, Korea, Phone: +82-2-760-1236, e-mail: prious@skku.edu

fCorresponding Author, Associate Professor, Department of Economics, Sungkyunkwan University, 25-2,
Sungkyunkwan-ro, Jongno-gu, Seoul 03063, Korea, Phone: +82-2-760-0428, e-mail: heejoonhan@skku.edu



