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Abstract
This paper adopts continuous wavelet analysis to investigate the time variation

features of stock-bond return relations across different frequencies from 1988 to 2014.
We also examine whether the time variation features of stock-bond return relations
can be linked to two dimensions: fundamental economic factors and stock market
uncertainty. The empirical results show that the short-term and long-term
dependencies between stocks and bonds did vary over time. In addition, the relations
between stock and bond returns have positive sign sensitivity to the short rate and the
slope of term structure, while their sensitivity to stock market volatility is negative.
Moreover, the impact of crises on the long-term stock-bond relation is significantly
negative and the impact on short-term relation is significantly positive. Hence, the
fundamental economic factors which drive the stock-bond relations do not vary across
time frequencies; however, the impacts of crises do vary across the time frequencies.
The findings have economic implications to help investors determine their portfolio
allocations. Furthermore, policy makers monitor the financial markets and adjust the
macroeconomic policies by observing changes in these state variables.
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Stock and Bond Return Relations and Stock Market Uncertainty:
Evidence from Wavelet Analysis

1. Introduction

Stocks and bonds are the two most important asset classes traded on financial
markets, which play a crucial role in asset allocation and portfolio management. It is
now the stylized fact that the stock-bond relations have changed dramatically over the
last two decades, shifting from sizably positive to predominantly negative in the late
1990s (Baele, Bekaert, and Inghelbrecht, 2010; Bansal, Connolly, and Stivers, 2014,
Chiang, Li, and Yang, 2015; Lee, Marsh, Maxim, and Pfleiderer, 2006). Efforts also
have been made to explore various economic forces driving the time-variation in
stock-bond relations, including macroeconomic state variables (Baele, et al., 2010;
Yang, Zhou, and Wang) and financial market uncertainty (Connolly, Stivers, and Sun,
2005; Chiang, Li, and Yang, 2015). Although the aforementioned studies have
provided insight on the time-variations in stock-bond relations, few have ever been on
investigating the dynamics of their relations across frequencies. This paper expands
extant literature to explore their dynamics simultaneously across various frequencies
over time and further examine whether the relations can be linked to fundamental
economic factors and stock market uncertainty.

Understanding the dynamics of stock-bond relations across various frequencies
over time and their determinants is important for deciding the asset allocation and
making macroeconomic policy. For example, investors with various investing
horizons concern the characteristics of asset returns in the corresponding investing
frames respectively. Thus, exploring the time-frequency relations of stock and bond
returns is crucial to asset allocation as the market participants pursue different
investing horizons. Moreover, given stocks and government bonds account for a

dominant share in all traded financial assets, the main economic forces driving their
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relations also become of interest for regulatory and monetary authorities. The
determinants of their relations provide useful information for policy maker on
understanding the status of financial markets and the expectations of investors.

In order to capture the time-varying structures of stock-bond relations, most
existing studies have investigated by the rolling-window correlation (Gulko, 2002;
lImanen, 2003; Andersson et al., 2008) or worked with the family of GARCH models
(DeGoeij and Marquering, 2004; Connolly et al., 2005; Chiang et al., 2015). In
addition, copula method has been applied to characterize extreme dependence of stock
and bond returns recently (Chui and Yang, 2012; Jammazi, Tiwari, Ferrer, and Moya,
2015; Sun, Racheyv, Stoyanov, and Fabozzi, 2008; Wu and Liang, 2011). The benefit
of copula method is that it can provide the whole dependence between asset returns
beyond only linear association and result holds regardless of the distribution of returns.
However, as mentioned above, investors with various investing horizons concern the
corresponding dependences of investing frames respectively. Aforementioned
approaches failed to capture the time-varying dependences across different
frequencies.

To overcome the shortcoming, this study adopts wavelet analysis to capture the
dynamics of stock-bond relations across frequencies over time simultaneously.
Wavelet analysis decomposes data into different time scale components to capture
different cyclical features of the data. Here, the local relation of between stock and
bond returns is measured by wavelet coherence in time-frequency domain. By design,
wavelet analysis provides more rich features in describing the stock-bond return
relations simultaneously across different frequencies and dwvee, and helps to
deepen the understanding of the determinants of these time-frequency relations. Since
investors may have different investment horizons due to their different patterns of

consumption. Different investors have different portfolio management needs.
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Therefore, this study helps different type of investors in identifying the portfolio
diversification opportunities as facing different investment horizons or holding
periods of assets.

Naturally, it is of interest to analyze the economic forces driving the stock-bond
return relations and quantify how much of the relation dynamics can be attributed to
fundamentals. Generally, the stock-bond return correlation can be explained by their
common exposure to macroeconomic factors. For example, the stock and bond prices
can be represented as the expected future cash flows discounted the discount rate.
Therefore, interest rate shocks are likely to move stock and bond prices in the same
direction. Since stock and bond markets are both exposed to similar macroeconomic
conditions, a positive stock-bond return relation is expected in the long term. However,
inflation may generate different exposures between stock and bond returns because
bond has fixed nominal cash flows. llmanen (2003) and Andersson et al. (2008)
identify inflation as a key determinant of the stock-bond correlation. Li (2002) further
documents that uncertainty about expected inflation plays an important role in
determining the major trends in stock-bond return relation. Moreover, Yang et al.
(2009) investigate the correlations over the last 150 years and also document
significant differences across the business cycle. However, as discussed above, the
stock-bond return relation has shifted from sizably positive to predominantly negative
over the last two decades. There are a number of empirical papers from risk factors’
perspective that bear some explanations for the negative correlations, mostly relate the
negative correlations to a fight-to-safety phenomenon. For instance, Gulko (2002)
finds that the stock-bond correlation becomes significantly negative during the
drawdown period of the stock market. Connolly et al. (2005) also argue that stock
market uncertainty is a major determinant of the changing stock-bond correlation.

Investors rebalance portfolios from stocks to bonds in times of increased stock market
4



uncertainty. Chiang et al. (2015) further specify that the financial market uncertainty
attributes to the bond market uncertainty as well as the stock market uncertainty.

In sum, previous empirical studies have been attempt to predict differentiated
impacts of economic fundamentals based on either macroeconomic determinants or
risk determinants. In this study, we emphasize on examining whether the impacts of
such determinants behave same at the different frequency. This study adopts
continuous wavelet analysis to look at all time-frequency stock-bond relations
simultaneously and show how fundamental factors affected these relations differently.
We make two important contributions to the extant literature in the present study. First,
our study contributes to the wide literature on the time variation in stock-bond
relations. Many previous studies (e.g., Gulko, 2002; limanen, 2003; DeGoeij and
Marquering, 2004; Connolly et al., 2005; Andersson et al., 2008; Chiang et al., 2015)
adopt rolling window or GARCH family model to capture time-varying correlations
features. These approaches always contain a mix of short-run and long-run data
smooths the trend and fail to extract the intrinsic direction of their correlations across
different time frequencies. Instead, this paper is the first which applies continuous
wavelet analysis to capture all time-frequency stock-bond relations simultaneously.
Thanks to continuous wavelet analysis mapping the stock-bond relations in a
two-dimensional figure that allows us to easily identify and interpret patterns or
hidden information of time-frequency stock-bond return relations.

Next, extant literature exploring the economic determinants of the stock-bond
relations is mainly based upon low frequency data (e.g., Li, 2002; Connolly et al.
2005; d’Addona and Kind, 2006 ; Andersson et al., 2008; Yang et al., 2009; Baele et
al., 2010). However, the findings derived from above fails to reveals the stock-bond
return variations in reacting to short-run shocks to financial markets. Therefore, this

study emphasizes on the short-run state variables in detecting the impact of
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macro-finance determinants on the stock-bond oelati Moreover, unlike existing
literature by using different time frequencies tloe same sample period (Chiang et al.,
2014), this study directly uses the wavelet cohszersults in time-frequency domain
to investigate the differentiated impacts of funéamtal drivers on stock-bond
relations across different frequencies. This stwdy simultaneously reveal the
stock-bond relations variations in reacting to $hon shocks across different
frequencies. Our evidence finds that he impactéinaincial market uncertainty on
stock-bond relations at different frequency are edixThis highlights the value of
continuous wavelet analysis on investigating theer@inants of stock-bond relations
by observing the low and high frequency coheremoelsaneously.

The remainder of the paper is organized as follo@sction 2 explains
methodological issues and introduces our waveletlyars procedure. Section 3
describes the data and presents the stock-bonthretlation over different time
periods and frequencies. Section 4 examines whdligerelations can be linked to
economic fundamental factors and stock market @micgy. Section5 concludes this

paper and provides the interpretation for our niigidings.

2. Methodology
This study puts emphasis on exploring the timetfesgy relationship of

stock-bond returns. Previous studies primarily t@éng-window method or work
with the family of GARCH models to capture the thverying relation structures in
the time domain. However, these methods whose zeg@lns recorded at a
predetermined frequency are unable to explore ¢hationships across frequencies.
On the other hand, Fourier analysis deals withfrénguency dependencies, but fails to

estimate the spectrum as a function of time. Unékeve methods, wavelet analysis



decomposes the data into time-frequency domainafmuce the different cyclical

features of the data. Using wavelet analysis, veeadnle to examine their dynamics
simultaneously across various frequencies over .tildere, the time-frequency
dependencies between stock and bond returns arsuredaby wavelet coherency
analysis.

Wavelet analysis has been successfully used foymtardies in social science
during the last decade. Researchers are usualljigamwith the use of the discrete
wavelet transform (DWT) and the maximal overlapcrBse wavelet transform
(MODWT). DWT and MODWT have been used in the enggiristudies of financial
literature (e.g. Ramsey, 2002; Kim and In, 2003 20@5; In, Kim, and Gencay, 2011;
Sun, Rezania, Rachev, and Fabozzi, 2011; MeinlSamd 2012; Sun, and Meinl, 2012;
Sun, Chen, and Yu, 2015; Chen, Sun, and Yu, 20&5yurBk, Ka&enda and Vacha,
2015). More recently, the tools associated with tbatinuous wavelet transform
(CWT) are becoming more widely used to analyzeitteraction of financial and
economic time series (e.g. Aguiar-Conraria, Azevedmd Soares, 2008;
Aguiar-Conraria and Soares, 2011a, 2011b and 2@Rdaae; and Nunes, 2009; Rua,
2010; Tonn, Li and Marthy, 2010; Graham, Kiviahodaikkinen, 2013; Lin, Chen,
and Yang, 2015). One major benefit of continuouseket analysis has over discrete
wavelet analysis, as Aguiar-Conraria et al., (20/8) Rua and Nunes (2009) pointed
out, is that we need not define the number of wetge(time-scales) in continuous
wavelet analysis which generates itself accordmthé length of data. This allows us
to easily identify and interpret patterns or hiddeformation. Therefore, continuous
wavelet analysis is applied here to evaluate the tind frequency-varying features of
stock-bond relations. The following gives brieflytrioduction of continuous wavelet
method and wavelet coherency analysis.

Typically, the continuous wavelet transform decosg®oa time series in terms
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of some elementary functions, which are derivedhfeotime-localized mother wavelet
by translation and dilation. These wavelets resalh a mother wavelet(t) that is

a function of time parametérand can be defined as follows,

0 = =9
]‘|JT,S - \/E.!)b( S ) (1)

where mother wavelep(t) is a continuous function of the time position
(translation parameter) and the scalédilation parameter), which is related with the
frequency. Hereg acts to translate the function across the data aratts to vary
the time scale of the mother wavelet functipn In addition, 1/4/s is a
normalization factor to ensure energy normalizatiiat wavelet transform is
comparable across time-frequency scale. Conseguémtthe time domain we have
defined a sequence of functions that are doublyxedleonce by location in the time
domain, and once by the scale. To be a mother wawpl(t) must satisfy the
following three conditions: it must have zero meaa, [ (t)dt = 0; its square
integrates to unity, i.ef ?(t)dt = 1; and it must meet the so-called admissibility

condition.

The most commonly used continuous mother wavsl¢he Morlet wavelet. A
Morlet wavelet is composed of a complex exponentmlltiplied by a Gaussian

envelope and is defined as follows,

e e
Yt) =mete (2)
here w is the parameter which controls the number of @mhs within the Gaussian
envelope. The Gaussian envelope gives less weigpiixels further from the center
and makes this wavelet localized in time. In p@&gtiv is set between 5 and 6 for

providing a good balance between time and frequéocalization, as suggested by
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Aguiar-Conraria and Soares (2011c). Moreover, a lé&owavelet consists of a
complex structure, given by the terai®, within a Gaussian envelope that is
captured by the terne~t*/2.  Therefore, we can compute the phase of wavelet
transform of each series from complex part, whioreg us information about the

position in the cycle of a time-series.

Given a time-serieg(t), its continuous wavelet transform with respecttte

mother waveletyy can be represented as follows,

Wy (1, 5) = R (O (t‘f)dt
x\T, S _\/E—oox Vs 3)
where t is the time position and is the scale that is related with the frequenay an

the (*) denotes complex conjugation. For a disctiete seriesx(t), t=1,..., T, we

have

T
Wy (1, 5) = %Z x(OY* (t;) (4)

Here, a Morlet wavelet is chosen as the mother lgav8ince the mother wavelet
Y(t) is complex-valued, the corresponding wavelet tamsfWy(z,s) is also
complex-valued. With a complex-valued wavelet, thenplitude and phase
information of a time series can be separated gt parts and imaginary parts,
respectively.

Given two time seriex(t) and y(t), with wavelet transformdVg(t,s) and
Wy (t,s), where 7 is the time positions is the scale. To examine the relationship
betweenx(t) andy(t) in the time-scale plane, we consider the crosgelea spectrum

Wxy (1, s), which is defined as follows,

WXY (Tr S) = WX (Tr S)W;' (T, S) (5)
where t is the time position and is the scale that is related with the frequenay an



the (*) denotes complex conjugation. As discusdeale, since the mother wavelet is
complex, the cross wavelet spectrum is also valoBdomplexity and can be
decomposed into real and imaginary parts. We can geparate the information
about amplitude and phase of the two series in&ir tteal and imaginary parts,
respectively. Based on the setting, we can obtath bme-dependent amplitude and
phase across frequency. Here, the cross wavelgerpcan be defined as the
absolute value of cross wavelet spectrifiyy (7, s)|. The magnitude of the cross
wavelet spectrum can be interpreted as the abswvhltee of the local covariance
between two time-series at each time and frequency.

In the wavelet analysis, the localized correlatimefficient in time frequency
space can be captured by the wavelet coherendpwhioly Rua (2010), we define the
wavelet coherency as the real part of cross-wagglettrum, which is normalized by

the smoothed wavelet power spectra as follows,

R(Wxy(7,5))
JWPSy (7, s)WPSy (1, 5) (6)

Ryy (t,s) =

where T is the time position and is the scale. In additionR(-) represents the real
part of cross wavelet spectruritxy(t,s). WPSx(-) and WPSy(-) are the wavelet
power spectrum of time seriet) andy(t), respectively. For example, the wavelet

power spectrum of time serig&) can be defined as follows,

WPSx(1,5) = |[Wx(T, s)|? (7)
wherez is the time position and is the scale. Similar to the terminology used in

Fourier transform, the wavelet power spectrum (Wé) be defined as the square of
the wavelet transform’s amplitude. In contrast he Fourier power spectrum, the
wavelet power spectruriVPSx(z,s) can be interpreted as the local variance of time
seriesx(t) across frequencies over time. Therefore, we t@emve risk characteristics

of stock and bond in time domain as well as indiesty domain.
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Here, similar to the usual correlation coefficidm¢tween two time series,
Ry y(7,s) has a value between -1 andrithis specification Ry y(z,s) captures the
wavelet correlation features of specific investméutrizons. In particular, by
inspecting the contour plot of the above measune, @an identify the regions in the
time-frequency domain where the existence of catie and captures both time and
frequency varying features of the dependence. Ttrerethe suggested wavelet-based

measure provides richer insights on the relatiata/éen stock and bond returns.

3. Empirical Results

3.1Data and Preliminary Statistics

We compute the daily stock and bond returns usimg value-weighted
NYSE/AMEX/Nasdaq return from CRSP and implied retealculated by the daily
movements in the ten-year Treasury constant mgtadties from Federal Reserve.
Moreover, we use three-month Treasury Bill ratetf@ short-term interest rate. The
slope of term structure, as in Lee et al. (2006) &ansal, Connolly and Stivers
(2014), is defined as the difference of ten-yead aix-month Treasury constant
maturity series yields, namely yields spread. Hgedds spread is used as a proxy for
business conditions, while the short rate is ferdiscount rate. In addition, the TED
spread is used as a proxy for credit market unogytand defined as the [derence
between the short-term three-month LIBOR Euro-doliate and the short-term
three-month Treasury Bill rate. To capture stockrket uncertainty, we use the
implied volatility index, as constructed by the €go Board Options Exchange
(CBOE). The implied volatility index is constructédm S&P 500 options. The data
covers the sample period from January 5, 1998 gir@ecember 31, 2014. Since the

CBOE's VIX is first reported in 1986, so we exclube stock market crash of Oct 19,
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1987 by looking at January 5, 1988 to DecembefB14.

[Please insert Table 1 here]

Table 1 reports the mean, volatility, realized etation, and other summary
statistics for stock and bond returns over the &dmple and two sub-periods,
1988-1999, and 2000-2014. We divide our sample twto sub-samples (1988-1999,
2000-2014), since the stylized fact that the stiooke relations have shifted from
sizably positive to predominantly negative in tlael 1990s. For the entire period
from January 1988 to December 2014, as shown ielPaof Tablel, the annualized
daily mean return is 0.043% for stocks and 0.024%bionds. The return risk as
measured by the standard deviation of return i85E®for stock and 0.464% for bond.
The stock market has higher return accompaniedidfyeh volatility over the entire
period. The realized correlation of stock-bond metis -0.181 over the entire period,
implying that there are opportunities for diverstion and for the hedging of risks.

The results of two sub-samples further reveal tvannfieatures. First, the stock
market has higher return accompanied by highertlibldfor each sub-period. Note
that the volatilities of stocks are about 1.96, aris#! times higher than those of bonds
over the former and latter sub-periods respectivBcond, the stock-bond return
correlations change over time, from the positiverelation (0.280) in the former
period to the negative correlation (-0.370) in tlagter period. The preliminary
statistics in Table 1 are consistent with the fiigdof “flight-to-safety” phenomenon
by Connolly et al. (2005). The shift of correlationplies that a rise in stock market
uncertainty induces investors to shift their furfdsm stocks to bonds, thereby
depressing stock price, bidding up bond price aewkcé decoupling the stock-bond

correlation.

3.2 Realized Correlation between Stock and Bond Ratns
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Figure 1 shows the realized correlations for stae# bond returns from January
1988 to December 2014. Realized correlations atiena®d on a non-overlapping
guarterly and annual basis by using daily retuiitss figure illustrates a pattern
similar to that in Table 1, where the stock-bontlume correlations have changed
dramatically over the last two decades. The caroela shift from sizably positive to
predominantly negative since the late 1990s. Thisoinsistent with the findings of
Baele et al. (2010) and Bansal et al. (2014).

[Please insert Figure 1 here]

3.3 Wavelet Coherency between Stock and Bond Retwsn

Since the realized correlations estimated in sas%id contain both short-run and
long-run information, a mix of short-run and longirdata smooths the trend and fails
to extract the intrinsic direction of their corriétens across different time frequencies.
This paper further uses the wavelet coherency tmetxthe intrinsic short-run and
long-run correlations between the stock and bohdms.

Figure 2 demonstrates the wavelet coherency oksiod bond returns, where a
contour plot with three dimensions is depicted, tinge dimension, the frequency
dimension and the color code. In Figure 2, the aamiefluence, which indicates the
region affected by edge effects, is depicted bybibld black line. The color code for
wavelet coherency ranges from the blue (negativeer@ncy) to the red (positive
coherency). The grey outer and black inner contawesrespectively correspond to
derived 10% and 5% significance level which isreated from 1,000 Monte Carlo
simulations based on an ARMA(1,1) null. Time anegfrency are presented on the
horizontal and the vertical axes, respectivelygbescy is converted into the annual
scale.

[Please insert Figure 2 here]
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As shown in Figure2, a significant positive cohesered code) in the higher
frequency band (less than 0.5 year frequency) dsasdower frequency band (1.5 to
5 year frequency) are observed before 1997. Thebeate that there existed positive
short-run and long-run dependencies between stadkband returns before 1997.
However, from the late 1990s, there is a strongatieg coherency (blue code) at the
0.5-2 year frequency band, positive coherency senked only around 2000 and 2008
at the 0.25 year frequency. These findings continat the short-run and long-run
dependencies between stocks and bonds did varytiomrOverall, Figure 2 confirms
that the short-run and long-run dependencies betwtreks and bonds did vary over
time. In particular, the long-run wavelet coherenystock-bond returns has changed
dramatically over the last two decades. The wavet#terency has shifted from
sizably positive to predominantly negative in tagel1990s, which is consistent with
the realized correlation estimated in session 8l2o, it is in line with Baele et al.
(2010) and Bansal et al. (2014). The long-run negatlationship ensures bonds as
the instruments of portfolio diversification as ¢pas the investors pursue a long-run
investment horizon.

However, a significant positive coherency is obedrin the high frequency area,
especially in the periods of Asian crisis (199%g tlot-com bubble (2000-2001) and
the subprime crisis (2008-2009). A positive coheyendicates a positive relationship
between the returns of stocks and bonds in the simor The short-run relational shifts

imply that bonds were no longer a short-run hedgsget during the periods of crises.

4. Determinants of Stock-Bond Relations
4.1 Macroeconomic Factors

The stock-bond return correlationirgrinsically explained by their exposures to

14



the macroeconomic factors. They are valued byiasef expected future cash flows
discounted by the associated discount rates. $iveceeal interest rate determines the
discount rates, the shocks of interest rates pusiptices of stock and bond to move
toward the same direction. On the other side, Ha(¥888; 1991) found the slope of
term structure forecasts both consumption growtth @onomic growth. Investors
believe that the shape of the yield curve reflebes market's future expectation of
interest rates and monetary policies. Moreovergeivec(2012) documented that both
the short rate and slope of term structure wereiakin determining the covariance of
stock and bond returns. Therefore, the short ratethe slope of term structure are
chosen to investigate whether the time variatiostotk-bond return correlations is
determined by the macroeconomic factors.

Most studies exploring the economic determinantthefstock-bond correlation
were using low frequency data, which renders lichitegformation in capturing the
variations of correlation in response to the shont-shocks to financial markets.
Therefore, this study emphasizes the short-rure statiables in characterizing the
time-varying stock-bond return relations.

Since the wavelet coherency of stock-bond retusnby definition, restricted to
the range [1, -1], thus in order to make the depenhdariable unrestricted, Fisher
transformation of the relation is applied to tramsf the range of wavelet coherency
(Li, 2002; Andersson et al., 2008; Chiang et &01%). Consequently, the first model
uses a linear regression to regress the stock-batdrn relation on the

macroeconomic factors as follows,

<1 + Ry y(t,s)
In

——— | = a. + f.Macro; + €
1 _ RX’Y(t, S)) S 185 t t,s

(8)
where Ry y(t, s) is the real part of complex wavelet coherencytofls (X) and bond

(Y) returns with scals at timet. In addition, B, is a vector of estimated parameters at
15



scales, and Macro; is a vector of macroeconomic factors at timeHere, two
macroeconomic factors, the short rate and the stbgerm structure reflecting the
state of economy are chosen. Similar to Viceiral@d0Qwe take the slope of term
structure to proxy for business conditions, while short rate is used as proxy for the
discount rate. We measure the slope of term streidiy taking the spread between a
long-term yield and a short-term yield, namely gfespread.

[Please insert Table 3 here]

Table 3 reports the impact of macroeconomic detenis on daily, weekly,
guarterly and annual wavelet coherence betweek stodt bond returns from January
5, 1988 to December 31, 2014. As shown in Tabtée8coefficients on short rate are
significantly positive over the daily, weekly, qtety and annual frequencies,
indicating that the discount rate has a positivpdat on the short-term as well as
long-term stock-bond return relations. In additiove also use yields spread as a
proxy for business conditions and find that theglderm and short-term stock-bond
relations are positively and significantly relatedbusiness conditions. These findings
are in line with Aslanidis and Christiansen (202214), confirming that a positive

stock-bond relation exists during the periods ebfable economic conditions.

4.2 Stock Market Uncertainty

The price and return dynamics of stocks and bomelsatiected by the market
uncertainty (David, 1997; Veronesi, 1999; Ozogu@09. The portfolio theory
suggests that as the stock market uncertainty scowestors fly to the safety heaven
by shifting their funds from stock markets to otlsaffe markets. If the bonds are
chosen as the safe assets, the prices of stockisamud deviate. This study uses the
implied volatility of equity index options as theopy for stock market uncertainty

16



and investigates how stock market uncertain impactthe stock-bond relations. As
most literature did (e.g. Connolly et al., 2005Addona and Kind, 2006; Andersson
et al., 2008; Chiang et al., 2015), we expect aatimeg relationship between the
stock-bond return relations and the stock markeertainty.

Furthermore, we choose TED spread as a proxy éalitomarket uncertainty and
examine its impact on stock-bond return relatidrtee TED spread is defined as the
dillerence between the short-term 3-month LIBOR Euladorate and the
short-term three-month Treasury Bill rate. TED sprés widely used as a signal of
global fluctuations in credit risk (Taylor and Vidlins, 2009; Chiang et al., 2015). As
the TED spread widens, investors believe that tresk is growing, this leads to the
collapse of both stock and bond prices. Thus, wgeeixthat there is a positive
relationship between TED spread and stock-bondrretelations. In addition, the
empirical studies from Chordia, Sarkar, and Submihyam (2005) indicate that
increased uncertainty induced the dynamic cros&eharedging through frequent
portfolio reallocations during the periods of fic#éal crises. Following Chiang, Jeon,
and Li (2007), the crisis dummies are also incluttedapture the impacts of global
market turmoil on the stock-bond return relationsing the periods of financial
crises.

This study examines whether time-varying stock-baeidtions can be linked to

financial market uncertainty as follows,

(1 + Ry y(t, s))
In{f ————

1—Ryy(t,s) (10)

= ay + BsMacro;
+ WXVIXe+ AEPTED, + A2"MDUME™™ + ¢,

where Ry y(t, s) is the real part of complex wavelet coherencytoéls (X) and bond
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(Y) returns with scales at timet. In addition, g, AY™*, ATEP and A2YM are the
vectors of estimated parameters at ssaléMacro,, VIX,, TED, and DUMETS®
are the proxies for macroeconomic factors, impliethtility index, TED spread and
the crisis dummies at time respectively. Here, we use the implied volatilitgex,
TED spread and the crisis dummies as the proxiedirfancial market uncertainty.
The crisis dummies, DUM97, DUMOO and DUMO8, areduse control the impacts
on the stock-bond relations from the Asian crisi®97), the dot-com bubble

(2000-2001) and the subprime crisis (2008-2008peetively.

[Please insert Table 4 here]

Table 4 reports the impacts of stock market valgtiTED spread and crisis
dummies on daily, weekly, quarterly and annual Wetveoherency between stocks
and bonds. Evidence from Table 4 suggests thattpact of implied volatility index
on the stock-bond relation is statistically sigrafnt with a negative sign over the daily,
weekly, quarterly and annual frequencies. This @wig is consistent with the
findings by Connolly et al. (2005) and Baele et(@010). The negative impact of
volatility index on stock-bond relation could cabtrte to the “flight-to-safety” effect.
Also, the “decoupling” effect between stock and dbaeturns is not a temporary
phenomenon. Instead, for the past two decadesstilitng relationship between
stock and bond returns implies that as the vatatof stock market increases, the
prices of the stocks and bonds deviate and resuthe negative relations between
stock and bond returns.

Table 4 also presents the impacts of these crisésT&D spread on long-term
and short-term stock-bond relations. We find theauots of crisis dummy of 2000 on

stock-bond relation at different frequencies aidesgnificantly negative. However,
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there are mixed signs for crisis dummies of 2000 2008. We find that stock-bond
relations are significantly negative related to thisis dummies of 2000 and 2008 at
daily, weekly and quarterly frequencies; whereasdfisis impacts of 2000 and 2008
on their relations are negative at annual frequelmcyaddition, as shown in Table 4,
there are also mixed signs for the TED at diffefeatjuency. We find significantly
positive relationship between TED and stock-bordtiens at quarterly and annual
frequencies; whereas the impacts of TED on stocldlyelations are negative at daily
and weekly frequencies. The short-term negativeachf TED confirms that the
effect of credit risk on liquidity in the short teris severe, and puts downward
pressure on stock prices. The short-term negatimpact reveals the hidden
information beyond the low frequency data. It hights the application of continuous
wavelet analysis by observing the both low and Hiighuency data simultaneously.
For a robust check, we further investigate the rhbdsed on two sub-periods:
January 5, 1988-December 31, 1999 and January(09-R6cember 31, 2014. The
sub-sample selections are based on the stylizédhaicthe stock-bond relations have
shifted from sizably positive to predominantly niaga in the late 1990s. Tables 4
reports the regression estimates of stock-bondioakaregressed on macroeconomic
factors and financial uncertainty determinants fache period. Consistent with
previous findings, as shown in Table 4, the stoakdblations are positively related
to short rate and yield spread at all frequenciHsese confirm that a positive
stock-bond relation exists during the periods ofofable economic conditions.
Moreover, the estimated coefficients of VIX variabtmsistently show the expected
sign with negative value at all frequencies. Tisatirise of stock market uncertainty
tends to move stock-bond correlations in opposiectons. Thus, the flight-to-safety
behavior during times of high stock market uncetiacan play an important role in

explaining the predominantly negative stock-bonthtiens after the late 1990s.
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Overall, these results are consistent with maidifigs of full sample.

5. Conclusions

The relation between stock and bond returns has fEmeived considerable attention
in literature. The stylized fact is that the stdmad relations have changed
dramatically over the last two decades, shiftingmnifr sizably positive to
predominantly negative in the late 1990s. This wtadopts continuous wavelet
analysis to investigate the time variation featurestock-bond return relations across
different frequencies and examines whether the-tiarging stock-bond relations can
be linked to two dimensions: macroeconomic factans] financial market uncertainty.
Analyzing the daily U.S. stock and bond returnstfer period 1988-2014, we derive
several important empirical conclusions.

First, the results of wavelet coherence show that ghort-run and long-run
dependences between stocks and bonds vary acregseficies over time. The
long-term stock-bond returns relation has shiftadmf sizably positive to
predominantly negative in the late 1990s. Howeaesignificant positive coherency is
found in the high frequency area, especially in peeiods of crisis. Second, we
examine whether the time-varying stock-bond retwgfations is related to two
fundamental economic factors: the short rate amgbeslof term structure. The
empirical findings support that the discount rate ¢he slope of term structure both
have positive impacts on the short-term as welloag-term stock-bond relations.
These confirm that a positive stock-bond relatiofists during the periods of
favorable economic conditions. In addition, we stigate the impacts of financial
market uncertainty on the time-varying stock anddceturn relations. The evidence
indicates that the implied volatility index has agge impact on the time-varying

stock-bond relations at the daily, weekly, quaytednd annual frequency. This is
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consistent with the findings by Connolly et al. @8) and Baele et al. (2010),
implying a “flight-to-safety” effect. However, thenpacts of crisis dummies and TED
at different frequency are mixed. In sum, thesalifig highlight the value of
continuous wavelet analysis on investigating thiermieinants of stock-bond relations
by observing the both low and high frequency dataianeously.

The findings of this paper provide rich economi@iitations to help investors
determine their portfolio allocations. For exampleyestors with various investing
horizons usually concern the characteristics oktassturns in the corresponding
investing frames respectively. Thus, measuringtithe-frequency relations of stock
and bond returns is crucial to asset allocationthes market participants pursue
different investing horizons. Asset allocation ditg relies on the relations of
underlying assets, where negative relations acagsets provide opportunities for
diversification. This study bears on these issyeprbomoting a better understanding
of how diversification benefits vary with state ofoeomy and financial market
uncertainty. The evidence suggests somewhat limitedrsification potential of
bonds to stock investors especially in the timesrais, which is presumably more
likely to occur given shorter investment horizon.dddition, we find a significantly
positive short-run relationship between the stookebrelations and crisis dummies of
1997 and 2008. The short-term positive impact risvie hidden information beyond
the low frequency data. From the short-term pemspeof portfolio management,
bonds are not chosen as the hedging tools as fabhmgglobal crises. Investors
rebalance their portfolios by selling the stockswadl as the bonds and park their
funds in the safe heaven, such as the gold, whigkslthe prices of stocks and bonds
downward and increases in the stock-bond correlatioring the periods of financial
crises. Thus, the portfolio management theory wifgtors the hedging features of

bonds during the crisis periods is feasible inltmg term of the annual base only.
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Table 1 Summary statistics of stock and bond returs

This table provides preliminary statistics of thue-weighted NYSE/AMEX/Nasdaq return
from CRSP and implied return calculated by theydebvements in the 10-year Treasury
constant maturity series from Federal Reserve. Yoeige the results over the entire sample
period of 1988-2014 in Panel A and two sub-sampléods of 1988-1999, and 2000-2014 in
Panels B, and C, respectively. Statistical sigarie at the 1, 5, and 10% levels are denoted

*****

by ™,” and’, respectively.

_ ) Std. _ . Realized
Variables Mean Median q Min. Max. Skewness Kurtosis
ev. p

Panel A: Entire sample period from January 5, 1988 to December 31, 2014
Stock 0.043 0.087 1.095 -8.976 9.527 -0.358 10.572 -0.181
Bond 0.024 0.018 0.464 -2.438 4.470 -0.008 5.887

Panel B : Sub-sample 1 from January 5, 1988 to December 31, 1999
Stock 0.069 0.090 0.801 -6.526 4.836 -0.485 8.306 0.280
Bond 0.028 0.021  0.408 -2.4381.901 -0.137 5.044

Panel C: Sub-sample 1 from January 4, 2000 to December 31, 2014
Stock 0.023 0.080 1.282 -8.976 9.527 -0.277 9.099 -0.370
Bond 0.021 0.013 0.505 -1.966 4.470 0.053 5.868
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Table 2 Estimates of stock-bond relations regressexh macroeconomic
fundamental determinants
This table reports the impact of macroeconomicrdateants on daily, weekly, quarterly and
annual wavelet coherence between stocks and bomasJanuary 5, 1988, to December 31,
2014. Fisher transformation of the relation is appliedttansform the range of wavelet
coherency. We specify that the time variation ia stock-bond relations can be linked to the
measures ahacroeconomic factors as follows.

. <1 + Ry y(t,s)

1—Rxy(t,s)

where Ry y(t,s) is the real part of complex wavelet coherencytotls (X) and bond Y)

> = ag + fsMacro; + & ¢

returns with scals at timet. Macro; is a vector of macroeconomic factors at timelwo
macroeconomic factors, short rate and the sloperaf structure are considered, here. The
slope of term structure is defined as the diffeecioé ten-year and six-month Treasury
constant maturity series yields. The numbers ineqtheses are values ofstatistics.
Statistical significance at the 1, 5, and 10% lewaek denoted by , ~ and’, respectively.

Daily Weekly Quarterly Annual
Short rate 0.542 0.716" 0.633" 0.374"
(35.02) (50.05) (42.22) (22.94)
Yields spread 0.235 0.336 0.320" 0.161"
(15.20) (23.47) (21.37) (9.87)
N 6620 6620 6620 6620
adj. R 0.172 0.293 0.223 0.082
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Table 3 Estimates of stock-bond relations regressexh macroeconomic factors
and financial uncertainty determinants
This table reports the impacts of macroeconomictofac and financial uncertainty
determinants on daily, weekly, quarterly and anmnabelet coherence between stocks and
bonds from January 5, 1988, to December 31, 2Biher transformation of the relation is
applied to transform the range of wavelet cohereldy specify the time variation in the
stock-bond relations can be linked to macroecondatitors and financial market uncertainty
as follows.

. (1 + Ry y(t,s)

1—Rxy(t,s)

where Ry y(t,s) is the real part of complex wavelet coherencytotls (X) and bond Y)

) = ags + BsMacro, + AVol, + & 5

returns with scals at timet. Macro, and Vol, are vectors of two macroeconomic factors
and three financial market uncertainty proxiespeetively. Two macroeconomic factors,
short rate and slope of term structure are corsitlefhree financial market uncertainty
proxies, the implied volatility index, TED spreahd crisis dummy variables reflecting the
state of financial market uncertainty are choseme €risis dummy variables DUMiso
DUMqisisosoand DUMisispsare used to control for impacts of the Asian crigi®97), the
dot-com bubble (2000-2001) and the subprime c(&98-2009), respectively. The humbers
in parentheses are values Bétatistics. The notations”, ~, and = denote statistical
significance at the 1, 5, and 10% levels, respeltiv

Daily Weekly Quarterly Annual
Short Rate 0.547 0.696" 0.661" 0.280"
(31.19) (43.99) (39.87) (18.08)
Yields Spread 0.212 0.329" 0.364" 0.130"
(13.42) (23.04) (24.32) (9.27)
Implied Volatility Index -0.14%° -0.231" -0.054" -0.526"
(-10.62) (-19.15) (-4.23) (-44.47)
TED Spread -0.049 -0.006 0.060° 0.058"
(-2.81) (-0.38) (3.68) (3.82)
DUM ¢isiso7 0.046™ 0.100" 0.059™ 0.015
(4.10) (10.03) (5.64) (1.49)
DUM crisiso0 -0.054" -0.025 0.051" -0.071"
(-4.63) (-2.40) (4.62) (-6.88)
DUM ¢isisos 0.026 0.025 0.235" -0.085"
(1.80) (1.93) (17.55) (-6.80)
N 6620 6620 6620 6620
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adj. R 0.203 0.351 0.287 0.378
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Table 4 Estimates of stock-bond relations regressaxh macroeconomic factors and financial uncertaintgleterminants based on two
sub-periods: January 5, 1988-December 31, 1999 addnuary 4, 2000 - December 31, 2014.
This table reports the impacts of macroeconomitofaand financial uncertainty determinants on gdaisekly, quarterly and annual wavelet coherence
between stocks and bonds based on two sub-pedadsary 5, 1988-December 31, 1999 and Januarydd,-ZDecember 31, 2014. Fisher transformation of
the relation is applied to transform the range a¥&let coherency. We specify the time variatiothinstock-bond relations can be linked to macroecoo
factors and financial market uncertainty as follows

n <1 + Rxy(t,s)

1—Rxy(t,s)

where Ry y(t,s) is the real part of complex wavelet coherency totls (X) and bond Y) returns with scales at timet. Macro., VIX,;, TED, and

) = a; + fsMacro, + AXVIX+ ATEPTED, + 22UMDUMETS'S + ¢,

DUM¢{T!s are the proxies for macroeconomic factors, impliedatility index, TED spread and the crisis dumsniat timet, respectively. Two
macroeconomic factors, the short rate and the stéperm structure are considered. Here, we usentpéed volatility index, TED spread and the csisi
dummies as the proxies for financial market unoagaThe crisis dummy variables DUMisoz DUMgisisopo@nd DUMisisps@re used to control for impacts of
the Asian crisis (1997), the dot-com bubble (2000 and the subprime crisis (2008-2009), respelgtivihe numbers in parentheses are values of
t-statistics. The notations, ~, and denote statistical significance at the 1, 5, abfh levels, respectively.

January 5, 1988-December 31, 1999 January 4, 2D@@ember 31, 2014

Variables Daily Weekly Quarterly Annual Daily Wedgk  Quarterly Annual
Short Rate 0.164 0.403" 0.468" 0.1437 0.240" 0.501" 0.079 0.086"

(5.45) (14.24) (17.03) (5.66) (7.32) (15.93) 6.5 (3.10)
Yields Spread 0.145 0.275" 0.323" -0.069" 0.047 0.301 0.135" 0.136"

(5.71) (11.49) (13.91) (-3.24) (1.39) (9.31) 8).2 (4.76)
Implied Volatility Index ~ -0.024 -0.218 0.118" -0.616" -0.173" -0.277" -0.117" -0.570"

(-1.05) (-10.18) (5.64) (-32.18) (-8.36) (-13.92) (-6.04) (-32.41)
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TED Spread -0.110 -0.017 0.093" 0.119" -0.044 -0.008 -0.098" 0.022
(-3.86) (-0.65) (3.58) (5.00) (-1.72) (-0.35) () (1.04)
DUM ¢isiso7 0.026 0.161 0.046" -0.012
(1.39) (9.17) (2.68) (-0.76)
DUM ¢isisoo -0.023 -0.007 0.261 0.000
(-1.24) (-0.39) (14.72) (0.01)
DUM ¢isisos 0.038 0.032 0.463" -0.060"
(1.72) (1.50) (22.34) (-3.17)
N 2945 2945 2945 2945 3675 3675 3675 3675
adj. R? 0.021 0.139 0.187 0.313 0.068 0.144 0.180 0.328
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Figure 1 Realized correlation between stock and bahreturns

This figure depicts the realized correlation ofcktand bond returns from January 5,
1988 to December 31, 2014, with a total of 6,74%eobations. The realized
correlations are estimated on a non-overlappingtedy and an annual basis, using
daily returns.
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Coherency: Stock vs Bond
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Figure 2 Wavelet coherency between stock and boneturns

Wavelet coherency - the cone of influence, whictlidates the region affected by
edge effects, is depicted by the bold black linee Tolor code for wavelet coherency
ranges from the blue (negative coherency) to tide(pesitive coherency). The grey
outer and black inner contours are respectivelyespond to derived 10% and 5%
significance level which is estimated from 1,000r#oCarlo simulations based on an
ARMA(1,1) null. Time and frequency are presentedi@horizontal and the vertical

axes, respectively. Frequency is converted int@timial scale.
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