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CHAPTER 1: INTRODUCTION

Introduction

Equity market co-movement is an essential topic for international investment
diversification, portfolio management, and risk management. For example, asset and
time diversification, the primary strategy that multinational equity investors use in the
different asset classes required the understanding of market co-movement (Peng,
2015). In risk management, co-movement between markets allows investors to
minimize portfolio risk in the most efficient way. Thus, the analysis on distinct equity
market correlation will indicate investors about the market return co-movement when
making the investment decision.

This paper focuses on the market co-movement between Thailand and China
during 2005-2020. We will define two main reasons why the co-movement between
the two equity markets becomes increasingly important during this period. First, in the
past two decades, China has gradually opened up and integrated with the global
financial system. China has launched the Qualified Foreign Institution Investors (QFII)
(2002) to strengthen the linkage with the international market; it’s the first time that
allowed the qualified foreign international financial institution to invest in the China
mainland stock market (A shares). In 2007, China published Qualified Domestic
Institutional Investors (QDII) to speed up the capital flow; it allowed qualified
domestic financial institutions to invest in overseas stock and bond markets. As a
result, China's economic development will become more critical for other countries in
the world. Second, according to the previous literature, trade and financial integration

contribute to the stock market return co-movement between two markets (Beine,



2011). In 2020, China became the 2nd largest trade partner of Thailand
(ECONOMICS, 2021). Especially after China entered WTO in 2001, the export of
Thailand increased 10x from 2.86 billion USD dollars to 29.5 billion USD dollars in
2020, while the export of China increased 20x from 2.3 billion USD dollars to 50.5
billion USD dollars.

On the other hand, the market co-movement between Thailand and China is
expected to consistently change and possibly take a complex form during 2005-2020.
Therefore, a standard method to measure the market co-movement may not be
accurate. In this case, the wavelet method is used to assist the co-movement analysis.
The wavelet decomposition is applied to two stock indexes (SET & CSI300) to
transform them into different frequency-domain and time-domain. For example, the
movement of the SET index could be decomposed into separate layers: short term
(high-frequency), medium-term (medium-frequency), and long term (low-frequency)
movements, and further analysis can be conducted separately on these layers.

Some studies show the co-movement between the stock market vary across
high and low frequencies and constantly change in time. And wavelet method allowed
analysis of the dynamic correlation by different frequencies. Thus, in the context of
the increasing trading linkage and economic relationship between Thailand and China,
the study of equity market co-movement in time and frequency domain provides the
guantitative analysis and reference for different investors in Thailand interested in
China. It also has practical significance for risk management, portfolio optimization,

and other financial practice.



CHAPTER 2: LITERATURE REVIEW

Literature Review

In international financial markets, three different types of relationship analysis
have been discussed: First, some research defined it as linear correlation or
interrelation by using the standard method, namely the Pearson's correlation
coefficient, how strong the correlation is. Clive W.J Granger (2000); Francois Longin
(1995) and some other research prove the financial contagion or interdependence,
like how the crisis happened in the U.S. affects other markets and the change of
correlation coefficient before and after the financial crisis (Connolly, 2000; Elisabetta
Bertero, 1990). In recent years, some of the market co-movement analysis has been
discussed at the varying time (William N. Goetzmann, 2001). Some are focus on
analyzing different factors that impact the co-movement, like how increased trade
linkage and financial integration impact other equity markets in the world (Beine,
2011).

According to the definition and mathematical proofs from Baur (2004), the co-
movement means two stock markets "share the movement” or "moving in the same
direction” by applying bivariate (and multivariate) and dynamic analysis to see
whether it increased/decreased through time. Based on this definition, this paper will
find the co-movement between Thailand and China by transforming time series into
the frequency domain and time domain.

A plethora of studies analyzing the market co-movement and integration
among the ASEAN stock market Click and Plummer (2005) found the ASEAN 5
market are significant cointegration with each other from 1998 to 2002. They

concluded that the benefits of international diversification among these five markets



are reduced but not eliminated by applying the historical correlation analysis and
autoregression (VAR) model. Lim (2009) examined the data from 1990 to 2008 and
found the market interdependence and integration increased among the ASEAN-5
market after the global financial crisis. Furthermore, they fund the U.S. market had a
significant impact on the ASEAN 5 stock market. Bakri Abdul Karim (2012) prove
that the ASEAN stock markets are integrated during the 1997 and after 2008 financial
crisis by using Autoregressive Distributed Lag (ARDL). And it’s moving to more
integration in this area after the global financial crisis, the diversification benefit of
invest across ASEAN markets tend to diminish.

And also, other papers that analyze other stock markets, Singh and Singh
(2017) find the existence of time-varying co-movement between BRIC countries
(Brazil, Russia, India, and China) and the U.S. stock market. Wang et al. (2011)
analyzed Asia, Europe, North America, and the pacific market and find out China has
the highest level of dependence. Xinyu (2019) figures out the country in ASEAN 6
that has the strongest correlation with China is Singapore, Thailand, and Malaysia is
comparatively weaker but shows a rising tendency. But the research on co-movement
that focuses only on Thailand and China is still waiting to analysis.

In terms of data transformation, Albaity and Shanmugam (2012); Forson and
Appiah (2020) analyze the co-movement based on the time series GARCH model and
VAR to find the dynamic correlation coefficient and define the significant level of co-
movement among the market. Given that most stock market time series are non-
stationary and the difference between long-term and short-term investors behaviors,
compare with the time series model, wavelet transform provides another option when

we consider frequency in the analysis.



Kumar Tiwari et al. (2013) use Maximal Overlap Discrete Wavelet Transform
(MODWT) find that the Asian equity market is highly integrated at the lower
frequency level and comparatively less integrated at the higher frequency level. Jiang,
Nie, et al. (2017) fund ASEAN market interdependence level is more robust in the
short term by using continuous wavelet transform (CWT). Wavelet transforms
overcome the limitation of spectral analysis and Fourier analysis. It allowed
decomposing the time series into high and low frequency and analyzing the co-
movement in these two domains (Aloui & Hkiri, 2014; Benhmad, 2013).

Further, Younis et al. (2020) determined the volatility and correlation among
India, Pakistan, Malaysia, Singapore, and Indonesia compared with China by using
wavelet-based approaches like wavelet power spectrum and wavelet coherence. They
divide the frequency into few different scales, where 128-256 is located at low
frequency, 256-512, and 512-1024 is named medium frequency and high frequency.
And observed a strong co-movement that on the medium frequency and high
frequency in most countries, while followed a strong low-frequency co-movement in
1993-94.

Thus, this paper aims to fill the gap in the literature that analyzes the co-
movement between Thailand and China by using the wavelet-based approach. Also,
this paper will compare the correlation scale between low frequency and high
frequency, which might provide potential implications to investors who consider
Thailand and China market co-movement that combine both frequency and time
domain when building their portfolio. In the end, we will create the portfolio by

wavelet method and traditional method and compare their variance measures against



each other. The comparison results may help practitioners decide whether the wavelet

method is worthwhile for practical portfolio construction.



CHAPTER 3: DATA

Data Overview

This paper uses Thailand and China equity market total return index data over
last 15 years (Refinitiv Thailand Total Return Index & CSI 300 Total Return Index),
in particular, the data is collected from Refinitiv database from April 81, 2005, to
March 23, 2021. Furthermore, to compute the market return from the total return

index, this paper will apply the continuously compounded returns (r;) defined as

Piz
r.=100x In
¥ P.
ir—1

Where r;, means the In return of index i at time t, and P;; represents the index i

follows:

at time t. There are total of 3668 continuous compounded returns observations after
observations from invalid trading date (no trading or not trade in the same day) are

removed.

Figure 1 is total return Index of two market, where CSI 300 has higher
fluctuation than SET. The CSI300 reaches the highest point at 6028.42 on October

16", 2007, whereas SET has a stable performance around 365.65.



Figure 1 illustrates Total Return Index of CSI1300 and SET
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Data Description

According to the descriptive statistics in Table 1 of these two markets, the
mean return for SET and CSI300 are positive, and CSI300 has a higher volatility as
measured by standard deviation 1.77. The negative skewness is showing with a

kurtosis higher than 3, implying a non-normal distribution for both return series.

Table 1: Descriptive Statistic Data

Index Mean Median Min Max Std. Dev. Skewness Kurtosis

SET 0.0369  0.0665 -16.8539 11.1435 1.3442 -1.3274 17.8594
CSI1300 0.0511 0.1107 -9.6950  8.9518 1.7695 -0.5055 3.8812

Notes: Std. Dev. represents Standard Deviation

Figure 2 illustrates SET Compounded Return Time Series

SET LN RETURN

Ll A e

Figure 3 illustrates CSI 300 Compounded Return Time Series
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CHAPTER 4: METHODOLOGY

Methodology Overview

The wavelet transform (W.T.) is mainly used to analyze noisy, non-stationary,
and transient signals, making it broadly used to investigate physical phenomena,
climate analysis, and financial indices analysis (Addison., 2017). By applying the
wavelet transform to the price or return data of stocks, we believe that it will help
filter out the short-term noise and provide meaningful information regarding the

correlation and volatility of the stock markets in the long term.

Wavelet Transform is a localized wavelike function w(t) and distinctly
different from the traditional Short Time Fourier Transform (STFT) and other
methods (Figure 4). Its ability to transform and examine the signal simultaneously in
both time and frequency makes the signal information in a more useful form. A
wavelet can be moved to different locations on the signal, and it can be squeezed or
stretch like Figure 1.1 (b) (c). When the wavelet and the shape of the signal local
match at a specific scale and location like Figure 1.2, it will lead to a large transform
value. But if it does not match well, then a low transform value is obtained. The
transformed value will be located in the two-dimensional plane, which is captured at

various locations of signal and multiple scales of wavelet.
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Figure 4 illustrates Traditional Short Time Fourier Transform (STFT) and other
methods!

Local matching o
wavelet and signal leads
a large transform valuo

FIGLURE 1.1 The little wave: (o) Seme wavelets, (B) Location and {c) Scale.
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FIGURE 1.2 The wavelet, the signal and the transform.

To be specific, the variety of location presents the varying of time in this paper
(time domain), while the different wavelet scale shows the different frequency of
stock indices. Generally, this two-dimension plane can be filling up in two ways: in a
smooth continuous transform process called continuous wavelet transform (CWT) or
in discrete steps called discrete wavelet transform (DWT). According to a book that
was written by (Addison., 2017), the normalized wavelet function is written as:

%Aw=% C;ﬂ

One of wavelets that has been widely applied is called Morlet's wavelet, which
has also been used in Aloui and Hkiri (2014) and Jiang, Nie, et al. (2017). This

Morlet's wavelet is defined as:

WO ==
A

. 2
el(‘)ote_t /2

/a

L Addison, P. (2017). The illustrated wavelet transform handbook (2nd ed., pp. 2-3). CRC Press.
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Here the w, is the central frequency of the wavelet function, and according to
Addison. (2017) the value of w, will provide a balance between time and frequency
localization. Following Aloui and Hkiri (2014); Jiang, Nie, et al. (2017); Younis et al.

(2020), the continuous wavelet transform (CWT) is given by :

F(z,s5) =

1 fx (I—r)
f()y-|——|dt
Vsl Y — §

Specifically, F(t, s) represents wavelet coefficients, which can be found by a
specific wavelet w(t) projecting on the selected time series. In other words, all the
windows that are used to capturing the signal are the dilated (or compressed) and

shifted versions of the mother wavelet w(t). The wavelet is translated across signal
using t like a window function and scaled by dividing by s. So (t;—r) is stretch and

compress the wavelet, which a significant value of s corresponds to lower wavelet
frequencies. So, when the wavelet matches the frequency of the wavelet and matches
part of the signal with a very similar frequency, we get high output F(t,s).
Approximation coefficients are wavelet coefficients but represent the low frequency
of the signal. Detail coefficient represents the high-frequency components of the

signal.

Discrete Wavelet Transform (DWT)

Rather than the continuous integrals required for the continuous wavelet
transform (CWT), it is possible to completely reconstruct the original signal by using
infinite summations of discrete wavelet transform (DWT). Since DWT is useful for
data de-noising and decomposing, CWT is suitable for data extraction and self-

similarity detection. This paper will apply DWT for correlation analysis considering
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non-stationary and noisy financial data. Based on Mallat (2008) the discrete wavelet

transform (DWT) is given by:

a=1in CWT = k27

b=sin CWT =2-i

J is scale index, k is wavelet transf ormed signal index

Calculating wavelet coefficients at every possible scale produces a lot of data.

Therefore, we use (a, b) to replace(z, s) to be discrete, and the wavelet won’t generate
massive amounts of data. (a, b) are based on the power of two (Dyadic), the
relationship between frequency and wavelet scale show as the equation. DWT make
frequency analysis becomes much more efficient and accurate. Then we will apply the
generalizations of the DWT, which can adapt the signal and allow for more flexibility
in the partitioning of the time-frequency plane: the wavelet packet transform (W.P.).
In the W.P. signal decomposition, the coefficient will be further decomposed by each

scale (Addison., 2017) in Figure 5.



14

Figure 5 illustrates Schematic diagram of wavelet packet decomposition.?
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Furthermore, the modified version of DWT, called maximal overlap discrete

wavelet transform (MODWT), can also be applied in this analysis. It helps obtain a

multi-scale decomposition of return series. At the same time, it has few advantages

compared with standards DWT (Hermansah et al., 2019).

MODWT is suitable for any sample size, while DWT’s sample size can only
be written as 2N (N is positive integers).

MODWT can down-sampling (reduce data size to half), so compare with
DWT in each level of decomposition, there is a wavelet and smooth
coefficient as much as the length of data.

Shifting in MODWT will not change the value of the wavelet coefficient.

MODWT can increase the information at the low-frequency level.

2 Addison, P. (2017). The illustrated wavelet transform handbook (2nd ed., pp. 184). CRC Press.
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In the end, the wavelet transform will decompose the signal into both the Time-
Frequency domain (Figure 6). Base on all discussions and papers mentioned above,
the wavelet-based approach is an appropriate method to analyze the stock market co-

movement over time.

Figure 6 illustrates Schematic diagrams of allowable wavelet packet tilling of the
time-frequency plane.®

Wavelet transform tiling

High-frequency \
small scales —__ ‘ ‘ ‘ ‘ | |

Frequency

Low-frequency |
large scales

Time

(a) (b) (c)

Notes: The right-hand tiling is that used in the wavelet transform algorithm and corresponds to the components
contained in the bold boxes shown in Figure 5.

To reconstruct the original time series, multiresolution analysis (MAR) will be
applied to shows the market movement on a different scale. This MODWT and MAR

in Matlab is given by:

\ levelForReconstruction = [true, true, true, true, true, true];\ % Logical array

for selecting reconstruction elements

W = modwt(CSI_logReturn, 'sym4', 7); % Perform the decomposition using

modwt (LA8)

\ mra = modwtmra(wt, 'sym4’); % Construct MRA matrix using modwtmra

\CSI_IogReturnl = sum(mra(levelForReconstruction,:),1);\ % Sum along

selected multiresolution signals

3 Addison, P. (2017). The illustrated wavelet transform handbook (2nd ed., pp. 185). CRC Press.



16

Hypothesis Development

Real-world data, signal or stock market index is comprised of noise and abrupt
changes in its movement. These abrupt changes often carry information, and we want
to keep the information in the signal while removing the extra noise. Three steps will

be applied in this stage to extract the information by the wavelet transform method.

1. Perform a multi-level wavelet decomposition.

2. Analyze the details and identify a thresholding technique.

3. Filter out the detail coefficient and reconstruct data.

We perform a multi-level wavelet decomposition to obtain the approximation and
detail coefficients, for which the discrete transform will split up the signal into an

approximation level (low-pass sub-band) and a detail level (high pass sub-band).

a. Using MATLAB function — Wavedec — to do decomposition.

\dwtmode('per','nodisplay');

Wname = 'sym'’;

\[C,L] = wavedec(f,level, wname);

b. Applying- Detcoef function to extract the coefficients and plot the

coefficients for each level.

plotDetCoefhelper(f,c,|)

c. Choose SureShrink (or rigrsure) with the soft thresholding technique. The
process of thresholding the coefficients and reconstructing the signal can

use a signal function:
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[fd = wden(f, rigrsure','s','sIn’, level,wname);

where “f” = noisy signal;

“rigrsure” = thresholding technique

“s” = soft thresholding

“sln” = rescale threshold by using a single estimate of noise
“Level” = the wavelet decomposition level

“wname”=types of wavelets.

As an example, the figure below 7 shows the original signal along with the
details plotted for level 1 through 5. Noticed that the activity in the details reduces
drastically as the scale or level increases. Therefore, we can obtain the information by

comparing both the time and frequency domain with the multi-level denoised signal.

Figure 7 illustrates the original signal along with the details plotted for level 1
through 5.4

7 U, S— VA S . SS— 1 15 ~ Noisy Signal
/ : / 7 it \ ’
el oy’ T — o O | v (8 ) "‘ i
P N / \ ‘1
L o R e ay ant ' (aar L S S L) 06 [ M I“ \
04 '/ R | o AN \
02 / \ ‘ : \\ \
W “‘W " - w.l’J " Mt A o wi
S : | 0
i u : J ] 500 1000 1500 2000 2500 3000 3500 4000
i Denoised Signal SNR: 33.85 dB
08
Fo i
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04
= 02

500 1000 1500 2000 2500 3000 3500 4000

4 Devleker, K. (2016). Understanding Wavelets, Part 3: An Example Application of the Discrete Wavelet
Transform. Youtube. Retrieved 14 July 2022, from https://www.youtube.com/watch?v=-OhibnAXBEM.
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This time and time-scale have been used by a vast body of papers like Addison.
(2017); Aloui and Hkiri (2014); Compo (1998); Jiang, Nie, et al. (2017); Tiwari et al.
(2016); Younis et al. (2020). Loh (2013) used wavelet coherence analysis and
discovered the strong correlation between most Asia-pacific markets and the
European/U.S. markets in the long term. On top of that, Tiwari et al. (2016) analyzed
the rolling correlation, contagion and the level of co-movement between the stock
market of the U.K./Germany and the PIIGS (Portugal, Ireland, Italy, Greece and
Spain) from 2003 to 2013. The wavelet analysis found a high correlation in the short
run only present during financial distress episodes. In the long run, it presents for the
entire horizon. Moreover, Kiviaho et al. (2014) explained that co-movement differs
between short term and long term. It found a stronger co-movement in the long- term
between European frontier markets and the U.S/UK/Germany/France markets. The
domestic monetary policy is the most influential factor for the short term. In contrast,
global monetary policy and domestic exchange rate movement are identified as the
most prominent factors for the long term. Back to our research, Thailand and China
execute different monetary policy in the country, and the connect of stock market
investment is not as strong as other countries. Thus, we assume that short term
surprise does not have a big impact on two markets co-movement. Therefore, the first
hypothesis of this paper will focus on observing the co-movement in different time
scales and figure out how co-movement performed in different time scales.
Hypothesis 1: the long-term time scale (lower frequency) has a stronger co-
movement when compared with the short-term time scale (higher frequency)

We believe the co-movement between Thailand and China varies under the

different market condition in the past two decades due to many factors that impact the
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two markets' interrelationships, and we expect it to be apparent in the correlation.
Nevertheless, we believe that the main factors that contribute to the changing co-
movement between Thailand and China are the strengthening of trade linkage and the

financial liberalization in China.

The increasing trade linkage and financial liberalization have reinforced the
interdependence level of cross-country stock markets on the fundamental economic
side. For example, Beine (2011) investigated 25 developing countries over 15 years,
find trade linkage has a positive impact on the stock market correlation. Paramati et al.
(2016) gives firm support that trade intensity drives the stock market interdependence
significantly in the short and long run. Lahrech and Sylwester (2013) find the trade
agreement NAFTA increased equity market linkages between the U.S. & Mexican
and Canadian & Mexican. For this research, it appears that the trade linkage between
Thailand and China had been gradually strengthened in the past two decades. More
specifically, China entered WTO in 2001 and, from then up until recently, China
ranked as the 2"trade partner of Thailand in 2020. According to previous studies, we
would expect a positive impact on the two markets’ correlation along the increased of
trade intensity. Thus, the second hypothesis is developed based on the impact of

economic globalization and financial liberalization.

Hypothesis 2: In the past two decades, the co-movement in the second decade
(2014-2021) is higher than in the first decade (2005-2013).

On the financial market side, the analysis of the correlation cross-countries
helps to understand the financial shocks spillover. It's essential for fund risk

management and central bank policymaker to make the decision based on the
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international financial context. There are few essential stock market crises that
happened during this period. For instance, the China market panic in 2007-2008
which caused by financial austerity policies plus the impact from international crisis,
and stock market crash in 2015. Past literature has shown that in times of crisis, the
correlation of stock returns moves higher short-term. Supporting this idea, Jiang, Yu,
et al. (2017) found that the financial crisis has strengthened the interdependent
relationship of the world's six major stock markets, and Paramati et al. (2016) prove
the global financial crisis has had a significant influence on the stock market of

Australia and Asia.

Furthermore, the paper by Loh (2013) used wavelet coherence analysis and
conducted the co-movement cross time scale. The paper has found a wide variation of
changing co-movements during various financial crises. Nevertheless, the co-
movement dynamics differ significantly during the two financial crisis periods — the
European debt crisis and U.S. sub-prime crisis. In other words, it could be the result
of different natures of the crisis. Therefore, the 3rd hypothesis will test the impact of
the financial crises in China (2007 and 2015), whether it increased or decreased the

stock market correlation between Thailand and China.

Hypothesis 3: All the co-movement (long term, short term and others) after the
market crisis in the year 2007/2015 will be significantly higher than it before the
crisis.

Studying the correlation between Thailand and China is essential for the risk
assessment of an investment portfolio. The portfolio theory of Markowitz (1952)

emphasized the essentiality of investment diversification to avoid the loss associated



21

with a single asset class. The benefit from diversification is becoming higher when the
correlation between two stock market returns is low. In other words, the increased co-
movement between different market returns will decrease the international

diversification of portfolios.

To build an optimal investment portfolio between Thailand and China, the
feature of time-varying and timescale (frequency) varying should be taken into
account to provide a more accurate correlation analysis. For instance, the participants
in the stock market that have different investment horizontal can divide the correlation
into multiple time scales. Such as the large investment banks that trading in several
minutes/hours/ days are more interested in short-term market movement. On the other
hand, for commercial banks and insurance companies, these participants may be more
concerned with the medium-term performance in several weeks/months. Others like

pension funds typically have a long-term investment horizontal of several years.

Following the idea of using the accurate correlation in the suitable time scale
would benefit the investors, this research would like to investigate simple portfolio
strategies that implement the correlation between Thailand and China stock indices.
For simplicity, a standard minimum variance portfolio is constructed based on two
different correlations: a traditional correlation and the wavelet transformed correlation.
The wavelet transformed correlation, particularly with MODWT s used to denoise
the data prior to deriving the correlation coefficients, is believed to generate a more

optimal portfolio.

In order to investigate the portfolio strategy, this paper will calculate the

minimum variance hedge ratios separately based on the traditional correlations and
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the wavelet correlations, then apply these ratios to build two different portfolios. The

formula for the hedge ratio is shown below:

g
th CSI

OSET

The hedge ratio h represents the amount invested in SET index for one
Chinese Yuan invested in CSI index. (p) is the correlation of 2 asset, and (o) (0sgr)

are the volatility of CSl and SET, respectively.

Base on the method used by (Berger & Fieberg, 2016) we apply the rolling
time window and use the minimum variance portfolio in the past (the #n trading day)

as the future (the n+1 trading days) asset allocation weight. For example,

o Ist-time window: trading day 1- day 120, length 120 days, forecast the
allocation on day 121.
o 2nd-time window: trading day 2- day 121, length 500 days, forecast the
allocation on day 122, etc.
The returns of the two constructed portfolios will then be tested and compared
for their actual variances. Thus, the last hypothesis of correlation under wavelet will

be:

Hypothesis 4: Under the minimum variance hedge ratio, the MODWT will
formulate an investment portfolio better than the traditional minimum variance

portfolio.
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As we first use Wavelet Multi-Resolution Analysis in MATLAB to

decompose the original time series of stock returns into seven different time scales

based on Maximal Overlap Discrete Wavelet Transform (MODWT) the wavelet filter

Daubechies least asymmetric (LA) is applied in the decomposition with the samples

of 3668 observations (N=3668). The resulting decomposition of returns in all seven

details and one approximation component is shown in figure below 8 & 9. And the

corresponding time dynamics of each level is given in Table 2.

Figure 8 illustrates MODWT multiresolution analysis for Stock Exchange Thailand

Total Return Index

MODWT multiresolution analvsis for Stock Exchange Thailand Total Return Index
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Figure 9 illustrates MODWT multiresolution analysis for CSI 300 Total Return Index

MODWT multiresolution analysis for CSI 300 Total Return Index
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Table 2: Time Interpretation for different levels (frequencies)

Periods (days)) Scale (weeks)
Level 1 -d1 2-4 days <0.8 Intraweek
Level 2 —d2 4-8 days 0.8-1.6 Weekly
Level 3—-d3 8-16 days 1.6-3.2 Fortnightly
Level 4 —d4 16-32 days 3.2-6.4 Monthly
Level 5—-d5 32-62 days 6.4-12.4 Monthly to Quartly
Level 6 —d6 62-133 days 12.4-26.6 Quiartly to Biannual
Level 7 —d7 133-265 days 26.6-53 Anuually
Approx. — a7 265 — inf. 53<
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We take five trading days as one week, 20 days as one month. Thus, d1 show
the trading periods of 2 - 4 days, d2 is 4 - 8 days which represents weekly, d4
represents monthly while d7 is annually. The approximation level a7 means the long-
term data that over one year of trading days. The relative energy for each level is
shown in Table 3, where d1 takes the highest portion for both markets. It can be
viewed as the short term (2 — 4 days) volatility is having the highest impact on the

original return time series.

Table 3: Wavelet Relative Energy for SET & CSI300 Return Series

dil d2 d3 d4 d5 dé d7 ar

SET 50.84% 22.01% 14.16% 5.68% 3.17% 2.11% 0.78% 1.26%
CSI300 48.62% 25.17% 12.89% 5.83% 3.16% 1.79% 0.65% 1.89%

We suspect this is the result of individual investors being the main players in
both stock markets, thus markets are easily impacted by short term market volatility
or surprises. Moreover, the relative energy decreased along the increase in trading
days (scales). This shows the middle to long-term investing strategy are not affect by
surprise that much, and also has a comparably low frequency in trading. To
summarize, the market volatility is mainly affected by short term investors, and this
impact is decreases along the increase in trading days. This result is supported by
Wang (2017) and DAJCMAN (2012), whose work has also found the high short-term
impact in China and the US markets. And here is the data description in Table 4 after

the decomposition of return series for each level.
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Table 4: Data description of SET wavelet statistic and CSI wavelet statistic

Panel A: SET_wavelet_statistic

statistic dl d2 d3 d4 d5 dé d7 a7

mean -0.000109  0.000267 -0.000120 -0.000283 -0.000210 -0.000459 -0.000329 0.038188
median -0.006117 -0.004939 0.010276  0.003239  0.004065  0.000628 -0.002988  0.057281
min -13.093187 -6.012783 -5.465130 -2.166958 -1.288613 -1.187762 -0.437992 -0.682322
max 8.616997  4.929762 5439832 2.683522 1.688519  0.996458  0.423691  0.424391
std 0.950163  0.632450  0.521399  0.309398  0.243890  0.199890  0.119955  0.148492
skewness -0.687661  0.100624 -0.333240  0.462992  0.120540 -0.519657 -0.088354 -1.515863
kurtosis 20.738158  9.352014 16.831881  7.650023 6.076841  6.671462  0.934024  5.586855
Panel B: CSI_wavelet_statistic

statistic di d2 d3 d4 d5 dé d7 a7

mean -0.000096  0.000003  0.000275  0.000296  0.000319  0.001468  0.002446  0.046340
median 0.003004 -0.006295 ~ 0.006822  0.005953 -0.002268  0.004991  0.003296  0.022893
min -7.221340 -5.586982 -3.935591 -1.964728 -1.338025 -0.996610 -0.561250 -0.646676
max 8.524369  7.141951  3.821462  2.098357  1.258453  0.792331  0.487790  0.705754
std 1.245363  0.884197  0.624226  0.419032 0.323203  0.234060  0.135687  0.246349
skewness -0.076164  0.182795 -0.106709 -0.045608 -0.038925 -0.277893 -0.169280 0.160011
kurtosis 3.929417  6.781014 4077355 2.308696  1.181835 1.241921  2.095258  0.942337
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Hypothesis Test 1

We obtained 3668 observations from the wavelet method in each level (d1 to
a7), whose data description is shown as Table #. Then we use the result calculate the
correlations between CSI300 and SET in each level by pairing the obtained
observations in the same level before using the traditional way of computing the
correlation. The result will be a total of 8 correlations from short-term (d1) up to long-
term (d7, a7). The t-stat is computed by the Fisher Z Transformation, whose formula

is shown below:

S )
Piadl = Pxy (Aj)

Pxy (4;) is the wavelet correlation for level j, and the t-stat is constructed as follow:
Zy =17

S 1
1/n1_3+n2_3

t

where Z1, Z > means the d1, d7 wavelet correlation after Fisher Z transformation; nin,
are the number of observations.

Hypothesis 1: the long-term time scale (lower frequency) has a stronger co-
movement when compared with the short-term time scale (higher frequency)

Thus, can be written as:

Hy: pry (4) < Py (Aa1)

Hy: pry (4) > pry (Aa1)

where i is either d2, d3, d4, d5, d6, d7, and a7.
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The result of correlation including the t-stat is shown in Table below 5. The
wavelet correlation increases at d4 and a7 quite significantly when compare with di,

but decreases at d2, d3, d5, and d6.

Table 5: Test of Hypothesis 1 Results

Test of Hypothesis 1

corr_dl1 corr_d2 corr_d3 corr_d4 corr_d5 corr_d6 corr _d7 corr_a7
2005-2021 0.2755 0.2116 0.2371  0.3249 0.1753 0.0705 0.2364 0.4604
Observations 3668 3668 3668 3668 3668 3668 3668 3668
z1 0.2828
z2 0.2828 0.2148 0.2417 0.3371 0.1771 0.0706 0.2409 0.4978
t-stat of z2-zZ1  0.0000 -2.9101 -1.7588 2.3274 -45230 -9.0820 -1.7912 9.2033

The t-stat result as (-1.79) at d7 which is lower than (-1.96) at 95% confidence.
Thus, the Hypothesis 1 is rejected, the correlation of two markets does not increase
from short-term (d1) to any specific long-term (d5, d6, and d7) for the past 16 years.
But in the approximation level a7, the t-stat is significant at both 95% and 99%
confidence interval. In other words, if we expand the period of trading days over one
year, there are high probability to observe an increased correlation at the long-term

scale.

Although the result is not as we previously expected the low correlation
between the two markets in long-term does not surprise us that much, because there is
also evidence that documented a typically low correlation between Thailand and
China. Abdul Karim and Shabri Abd. Majid (2010) mentioned that China appears to

be the most isolated market showing consistently low correlation with the other
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markets, such as Malaysia, USA, Singapore, Thailand, and Japan. And in general, two

markets with low correlation would typically be influenced by short-term shocks.

Therefore, we did not find enough statistical evidence that the long-term scale

shows a stronger co-movement than short term scale (d1 intraweek).

Hypothesis Test 2
Hypothesis 2: In the past two decades, the co-movement in the second half (2014-

2021) is higher than in the first half (2005-2013).

Hy: pry (Ya014-2021) < Pry (Y2005-2013)

Hy: pry (Y2014-2021) > Pxy (Y2005-2013)

By following the same method, we calculate the wavelet correlation for two
periods: from 2005 to 2013, and from 2014 to 2021. The reason for dividing the
period this way is because the Shanghai-Hong Kong Stock Connect, Shenzhen-Hong
Kong Stock Connect, and Shanghai-Shenzhen Stock Connect policies were launched
between 2014 to 2019, which help connect two Chinese mainland stock exchange
markets with HK stock market. The unlock of capital flows from these three markets
massively increased the liquidity of international capital inflow in China and helped
capital outflow to other markets worldwide, which it has expected to have an impact

on the China and Thailand stock market.

As table 6 shows, Z1, Z2 are the correlations for these two periods after Fisher
Z transformation. There are 2004 observations from '11-Apr-2005' to '27-Dec-2013',
and 1664 observation from '02-Jan-2014' to '23-Mar-2021" due to the ineffective data

has been removed. According to the result, the null hypothesis is rejected at d2, d4, d5,
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and d6 at 95% confidence level, whereas the change is not statistically significant in
d1 and d7. Thus, based on the majority of the result, the second half of sample period

shows an increase in correlation level as we initially conjectured.

Table 6: Test of Hypothesis 2 Results

Test of Hypothesis 2

corr_dil corr_d2 corr_d3 corr_d4 corr_d5 corr_d6é corr_d7 corr_a’

2005-2013 0.2724 0.1903 0.2532 0.3095 0.1543 -0.0292 0.2395 0.5200
observations 2004 2004 2004 2004 2004 2004 2004 2004
2014-2021 0.2830 0.2526 0.2026 0.3770 0.2222 0.2199 0.2354 0.2078
observations 1664 1664 1664 1664 1664 1664 1664 1664

z1 0.2794 0.1926 0.2589 0.3199 0.1556 -0.0292 0.2442 0.5763

z2 0.2909 0.2582 0.2055 0.3965 0.2260 0.2235 0.2399 0.2109

t stat 0.4928 2.8095 -2.2866 3.2789 3.0133 10.8166 -0.1851 -15.6420
Hypothesis Test 3

Hypothesis 3: All the co-movements (long term, short term, and others) after the
market crisis in the year 2007/2015 will be significantly higher than before the
crisis.

Since we want to study how stock market co-movement impacted by stock
market downturn, the global financial crisis in 2008 and Chinese stock market crash
in 2015 are chosen to analysis. According to Lizhan and Huailin (2021); Tsai (2015)
this paper also divided crisis into three intervals, which is pre-crisis period, crisis
period, and post-crisis period. Which leading to the result of this hypothesis can be

explained into two perspectives:

1. Compare correlation t-stat for pre-crisis & during crisis

2. Compare correlation t-stat for pre-crisis & post crisis
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And since Xing (2018) had only define 2015 market crash into pre-crash &
market downturn these two periods, to consistent the calculation/analysis logic, this
paper will add post-crash period and apply the same end date to make it unified with

the global one (Table 7).

Table 7: Crisis/Market Downturn Period

Crisis/Market Downturn Period

by international crisis analysis 2008 subprime crisis analysis
Start End Observations
Pre-crisis 25-Jul-05 28-Dec-07 565
Crisis 2-Jan-08 30-Jun-09 347
Post-crisis 1-Jul-09 26-Aug-19 2333
by local market crash 2015 market crash
Start End Observations
Pre-crash 12-Jun-14 11-Jun-15 231
Crash 12-Jun-15 25-Feb-16 162
Post-crash 26-Feb-16 26-Aug-19 810

Thus, we analysis correlation for different period based on d1-d7 level, and
separately calculate the t-stat that between pre-crisis & crisis, and pre-crisis & post-
crisis. It’s clear to see the impact of international crisis and local market crash on
those two markets by observing the movement of correlation. However, d1, d2, d3
supposed to be considered as the most important levels since it’s taken 87.01% &
86.68% of wavelet relative energy for SET & CSI300 Return Series. Referring to
Table 3 in page 24, it represents the most important portion of market volatility and

clearly explained the market movement under the surprises.
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Based on the Table 8, the correlations are all increased from pre-crisis to
during crisis & pre-crisis to post crisis in the 2008 & 2015. The t-stat is significant
increased at 95% level in d1& d2 level in 2008 global crisis, strongly supporting the
hypothesis 3 for both pre vs during and pre vs post crisis period in these two levels.
And for 2015 local market crash, the hypothesis 3 is supported by the result in all 3
levels for pre vs during crisis period; and is supported at d1, d2 for pre- vs post-crisis

period as the t-stats pass the threshold at 95% confidence level.

However, when compare with the significant correlation increased in d1 & d2,
it just results in a slightly increased at d3 level (8 - 16days) for global crisis in 2008,
and pre-crisis & post-crisis for local-market crash in 2005. This could be caused by
the big difference wavelet relative energy of d1, d2, and d3; the higher energy the

significant increasement in correlations, refer to Table 3.
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Hypothesis Test 4
Hypothesis 4: Under the minimum variance hedge ratio, the MODWT will
formulate an investment portfolio better than the traditional minimum variance

portfolio.

Optimal variance hedge ratio is one of the strategies to minimize variance of
investment portfolio that include 2 assets. We apply it in this paper to formulate
portfolios from two different schemes: traditional and MODWT. The portfolio returns
are then computed and compared by variance to see which one achieves the lowest

value.

Firstly, we use 1-Jan-07 as the start day and 6 months (around 110-120days)
as rolling window to compute quarterly log return, volatilities (o.g; and oggr), and
the correlation of two markets. Then the portfolios are formed according to the hedge
ratio h. By using two different time series of correlations, one obtained from the
traditional method and the other from the wavelet method, as an input in the hedge
ratio, multiple portfolios will be formed. The portfolio return on the subsequent

period is then calculated based on the equation

P(Riy1) = CSI(Rpy1) — hy X SET(Rp41)

Representing the return as if portfolio is buy-and-hold until the next quarter. Because
we have 8 wavelet correlations at different time scales and one traditional correlation,

we have a total of 9 minimum variance portfolios being formed.

The result of actual variances computed from the return series of minimum

variance portfolio is shown in Table 9. Unfortunately, we can only observe the -
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variance of d1 is lower than the portfolio that build under traditional method. It means
that the wavelet method does not have a significant advantage in terms of portfolio

variance minimization.
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Conclusion

To summarize, the wavelet method has a competitive advantage in correlation
decomposition and provides better insight into market movements under various time
scales. The gradually increased correlation proved that the intensity of trade linkage
and other economic activity between Thailand & China has an impact on the market
correlation. Also, by decomposing the signal (market return) into different levels
(time-period) while a market crisis, we observe an increase of correlation that
happened during & post-crisis in all levels; and resulted in a significant increase at 95%

confidence at d1-d3 (daily to monthly).

However, this method also has some limitations when applied to the stock market of
China and Thailand. It did not show any summative relationship between short-term
& long-term correlation. We cannot make an instructive conclusion regarding
correlation under different time scales. Likewise, with that comes failure to only
formulate one optimal portfolio which has lower variance when compared with the

traditional method.

Even though wavelet does not have the advantage in terms of constructed
minimum variance portfolio, it helps a lot if considered when analyzing market
movement under various time scales. Thus, the wavelet method is still valuable to
investors when creating investment strategy; and always provides insights for

policymakers while analyzing the overall market movement and risk management.
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