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A BE

A1l. Figure

Figure 1: Cross-Sectional Distributions of the NYSE and KRX Stocks Daily Returns.
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Notes: The left panel exhibits probability density functions of daily returns of the individual stocks
constituting the S&P 500 at April 27th, 2006 (solid line) and April 5th, 2007 (dashed line). The

right panel shows probability density functions of daily returns of the individual stocks constituting
the KOSPI at the following days.

Figure 2: Regular Trading Hours of NYSE and KRX

t-12 (-“-) tel
| | | |
| | | |
23:30 06:00 09:00 15:00
NYSE 787 NYSE ¥ % KRX 74 KRX #) #

Notes: The figure represents regular trading hours of the New York Stock Exchange (NYSE) and
the Korea Exchange (KRX) based on Korea Standard Time. During the daylight saving time in the
United States, the regular trading hours of the New York Stock Exchange (NYSE) is changed, and
it becomes from 22:30 to 05:00 on the following day. From 1st August 2016, the Korea Exchange
(KRX) extended the closing time to 15:30 while maintaining the opening time.
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Figure 3: Cross-Sectional Distributions of KRX and NYSE Stocks Daily Returns

N A5 -0.2 N A5 -0.2
Notes: The left panels present, respectively, the densities and demeaned densities of the cross-
sectional distributions obtained from daily returns of stocks constituting the KOSPI. The right
panels present, respectively, the densities and demeaned densities of the cross-sectional distributions
obtained from daily returns of stocks constituting the S&P500. To make the demeaned densities,
the mean density for the corresponding period is subtracted from the the time series of the densities.
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Figure 4: Mean Densities of Each Period (- --: Pre-crisis, ----: Crisis, —: Post-crisis)
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Notes: The left and right panels represent mean densities of the time series of cross-sectional dis-
tributions obtained from daily returns of stocks constituting the KOSPI and S&P500, respectively.
They present time average of the estimated densities at each three period.

Figure 5: Forecast Errors

Dy deviation D, deviation D, deviation
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Kolmogorov-Smirnov deviation Kolmogorov-Smirnov deviation Kolmogorov-Smirnov deviation
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1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9
(a) Pre-crisis (b) Crisis (c) Post-crisis

Notes: One-step-ahead rolling window forecasting for 88 business days is performed for the regres-
sion operator estimated with different K (=1,2...9) in each subsample. Forecast errors, deviations
of the predicted values from observed values, are measured using Da(= { [(f(x) — f (l’))zdl‘}% that
is based on the density functions and Dy,(= sup,|F(z) — F(z)|) that is based on the distribution
functions. The figures represent the average forecast errors according to the choice of K at each
subsample period.



Figure 6: Scree Plots for Cross-Sectional Distributions of NYSE Stocks Dailly Returns
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(a) Pre-crisis (b) Crisis (c) Post-crisis

Notes: The nine largest eigenvalues of the sample variance operator for the cross-sectional densities
of the NYSE stock returns are presented in descending order.

Figure 7: Sample Path of the Index Return and The Mean from Estimated Density Functions

0.17 ] 0.17
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Notes: The left two panels show daily log returns of the KOSPI index (upper panel) and the S&P500
index (lower panel). The right two panels present means of cross-sectional distributions obtained
from daily returns of stocks constituting the KOSPI index (upper panel) and the S&P500 index
(lower panel).
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Figure 8: Sample Path of the Volatility Index and The Variance from Estimated Density Functions
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Notes: The upper panel shows variances of cross-sectional distributions obtained from daily re-
turns of stocks constituting KOSPI (solid line) and volatility index, VKOSPI (dashed line). The
lower panel shows variances of cross-sectional distributions obtained from daily returns of stocks
constituting S&P500 (solid line) and volatility index, VIX (dashed line).
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Figure 9: Impulse Responses and Variance Decompositions for Moments of Cross-Sectional Distri-

butions of KRX Stocks Daily Returns (- --: Pre-crisis, ----: Crisis, —: Post-crisis)
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Notes: The left two panels plot respectively the responses of the first moment (upper panel) and
the second moment (lower panel) of the current distribution of the KRX stocks daily returns to
Dirac-impulses to the last day’s NYSE density function at different levels of return. The right
two panels depict respectively the proportions of variances in the first moment (upper panel) and
in the second moment (lower panel) of the current distribution of the KRX stocks daily returns
that are explained by the variances of the first six moments of the last day’s NYSE stocks return
distribution.
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Figure 10: Impulse Responses and Variance Decompositions for Tail Probabilities of Cross-Sectional

Distributions of KRX Stocks Daily Returns (- --: Pre-crisis, ----: Crisis, —: Post-crisis)
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Notes: The left two panels plot respectively the impulse responses of the left tail probability (upper
panel) and the right tail probability (lower panel) of the current distribution of the KRX stocks daily
returns to Dirac-impulses to the last day’s NYSE density function at different levels of return. The
right two panels depict respectively the proportions of variances in the left tail probability (upper
panel) and in the right tail probability (lower panel) of the current distribution of the KRX stocks
daily returns that are explained by the variances of the first six moments of the last day’s NYSE
stocks return distribution.
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A2. Table

Table 1: Descriptive Statistics on Cross-Sectional Daily Returns

Pre-crisis Crisis Post-crisis
(Jan 2005 - Jul 2007) (Aug 2007 - Mar 2009) (Apr 2009 - Dec 2013)
= )= = )= = 0=
Mean 0.0015 0.0004 -0.0013 -0.0021 0.0002 0.0009
Variance  0.0009 0.0002 0.0012 0.0009 0.0008 0.0002
Skewness  0.7425 0.1355 0.4714 -0.3635 0.5793 0.1099
Kurtosis ~ 9.8543 11.6964 8.2695 13.4376 11.3514 12.4630
Min -0.1423 -0.0744 -0.1521 -0.1602 -0.1465 -0.0796
Max 0.1391 0.0758 0.1406 0.1323 0.1388 0.0825
#.0bs 705 500 746 499 757 500

Notes: The data are collected from January 1, 2005 to December 31, 2013. Full sample period is
devided into three sub-periods (pre-crisis, crisis, post-crisis). Descriptive statistics on cross-sectional
daily returns for each date used for further analysis are calculated, and their average values over
each subsample are represented in the table.

Table 2: R-squared in the Moments Analysis

Post-crisis
(Apr 2009 - Dec 2013

Crisis
(Aug 2007 - Mar 2009)

Pre-crisis
(Jan 2005 - Jul 2007)

12 A& 0.0850 0.1039 0.0987
22t AE 0.0352 0.1607 0.1250

Notes: The table represents the proportions of the variances of the current first and second moments
of cross-sectional distributions of KRX stocks daily returns that are explained by the variances of
the previous moments of cross-sectional distributions of NYSE stocks daily returns.
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Table 3: R-squared in the Tail Probabilities Analysis

Pre-crisis Crisis Post-crisis
(Jan 2005 - Jul 2007) (Aug 2007 - Mar 2009) (Apr 2009 - Dec 2013

A& wme|sts 0.0738 0.1277 0.1081
QEX W sE 0.0205 0.1017 0.1225

Notes: The table represents the proportions of the variances of the current left and right tail
probabilities of cross-sectional distributions of KRX stocks daily returns that are explained by the
variances of the previous moments of cross-sectional distributions of NYSE stocks daily returns.
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Distributional relationship between the Korean and the U.S. stock
markets analyzed by a functional regression approach *

Gyung Mo Kim T Heejoon Han?

Abstract

This paper investigates spillover effects from the U.S. stock market to the Korean stock
market by considering a functional regression model. Instead of using stock market indices, we
consider cross-sectional distributions of all stock returns that comprise the KOSPI index and
the S&P 500 index. We use daily data from January 2005 to December 2013 and consider three
subsamples: pre-crisis, crisis and post-crisis period. We estimate a functional regression model
and adopt novel econometric tools recently proposed by Hu et al. (2016) to analyze the relation-
ship between cross-sectional distributions of two stock markets. We use response functions to
examine how each moment and tail probability of the Korean stock market distribution react to
shocks in the US stock market distribution. We also conduct variance decomposition and pro-
vide interpretations on spillover effect from the U.S. stock market to the Korean stock market.
The analysis using cross-sectional distributions of stock markets provide new aspects that are

unavailable when one considers only stock market indices.
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