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Abstract

LINKAGES BETWEEN STOCK AND
BOND MARKETS: EVIDENCE FROM
RUSSIA

by Liliia Murzaieva

Thesis Supervisor: Professor Olesia Verchenko

In this thesis the linkages between stock and bond markets in Russia are
examined by testing the hypothesis of time-varying correlation between stock and
bond returns. Data for this study comes from the Moscow Exchange and covers
daily and biweekly returns on stocks and government bonds during the period of
2003-2013. Dynamic conditional correlation version of the multivariate GARCH
model, allowing for asymmetric responses of volatility to positive and negative

shocks, is applied to quantify the conditional stock-bond correlations.

Findings indicate significant time variability in correlation between stock and
bond returns on the Russian market. The conditional correlations, estimated for
daily returns, are mostly positive, but exhibit noisy behavior over time. The
correlation between biweekly returns reveal decreasing trend in the
co-movements between stocks and bonds during 2003-2007. In 2008, this trend
reversed indicating strengthening in significance of positive stock-bond
correlation during the crises period. This way, the hypothesis of flight-to-quality

existence on the Russian market is rejected.
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Chapter 1

INTRODUCTION

The empirical linkages between markets of different asset classes are of great
importance to economists and policymakers, financial institutions and investors.
Stylized facts about cross-asset correlations are challenged by ongoing changes in
the world financial landscape occurring due to globalization of capital markets,
invention of sophisticated financial instruments and implementation of new risk-
management techniques. Emergence of new financial markets amid rapid
development in Latin America, East Asia and Central and Eastern Europe (CEE)
opens new opportunities for investors, simultaneously raising a question about

patterns that those markets follow.

Since equities and fixed income securities, primarily corporate and government
bonds, remain major publicly traded financial instruments, accounting for more
than a half of financial assets allocated all over the world (as McKinsey Global
Institute shows in its 2011 report on global capital markets), the relationship
between stock and bond markets takes one of the top spoken topics during the
last two decades. This research is devoted to the investigation of the nature and
dynamics of linkages between stock and government bond price movements on

the Russian market, the largest market in the CEE region.

Financial institutions and investors are those who primarily interested in
understanding the linkages between stock and bond markets while making asset
allocation and risk management decisions. Following the modern portfolio
theory, introduced by Markowitz (1952, 1959), the correlation between price
movements on different securities markets is a crucial indicator taken into

account by investors seeking diversification opportunities. In particular,



diversification is inversely related to correlation: the lower the correlation
between assets included in a portfolio is, the better the diversification and, thus,
the higher the reward-to-risk ratio. The fact of inverse relation between
correlation across assets in the portfolio and its riskiness is also intensively used in
financial modeling and risk management by financial institutions. In particular,
risk management divisions of commercial banks utilize correlation measures in

building risk assessment models.

Understanding of cross-market relations is also important for economists and
policymakers when evaluating the monetary policy effects on the economy. The
monetary policy transmission mechanism describes how changes in the nominal
money stock and the nominal interest rate affect real variables, primarily
aggregate output and employment. According to Mishkin (1995), who
summarizes the ways through which the transmission mechanism works, there is

a separate group of asset price transmission channels.

Asset price channels are highlighted by Tobin’s g-theory of investment and
Modigliani’s life-cycle theory of consumption. Both of these theories, in turn, rely
on the monetarist view under which contractionary monetary policy results in
lower stock prices. Decrease in money supply forces public to spend less,
including spending on the stock market. Decline in demand for equities causes
their prices to fall. Likewise, increase in short-term nominal interest rate makes
bonds more attractive to investors in comparison with equities lowering prices of

the lattet.

Then, according to Tobin’s g-theory, firms face lower value of g, the ratio of
firm’s market value to the replacement cost of the physical capital it owns. As a
result, firms have relatively lower capacities to invest since more additional stocks
should be issued to finance new investment projects. Thus, investments fall

inducing contraction in output and employment. Modigliani’s life-cycle theory of



consumption, meanwhile, argues that stock prices decrease translates in lower
financial wealth of households forcing them to consume less. Lower

consumption, in turn, drives output and employment down.

Thus, classical view on monetary transmission mechanism assumes negative
correlation between interest rate and stock prices. Since bond prices are inversely
related to interest rate as well, the correlation between bond and stock prices
should be positive. Cleatly, any deviation from the suggested equilibrium relation
across securities markets, which, as shown hereafter, takes place in practice,
would have different implications for the outcomes of the particular monetary

policy.

The theoretical argument of negative correlation between equities and interest
rates is also supported by the so called Fed Model. Formulated by
Yardeni (1997, 1999) and backed by empirical evidence prior 1997, it states that
the forward earning yield of the stock market (earnings-to-price ratio) is roughly
equal to the 10-year Treasury bond’s yield to maturity. This relationship,
therefore, implies negative correlation between stock prices and treasury yields,

L.e. positive correlation between stock and bond prices.

Furthermore, movement of the stock and bond prices in the same direction is
consistent with the present value models of asset pricing. If stock and bond
prices are considered as the discounted sums of their future cash flows, then,
apparently, factors affecting the discount rates are likely to move stock and bond
prices in the same direction. Both theoretical and empirical support for that idea
is provided by Shiller and Beltratti (1992). Using annual US and UK data over
1871-1989 and 1918-1989 respectively, in the framework of present value models
authors have found strong positive correlation between the actual excess returns

in the stock market and the actual excess return in the bond market.



Other early empirical studies, such as Fama and Schwert (1977) and Campbell
and Ammer (1993), also confirm inverse relationship between stock returns and
bond yields (i.e. positive relation between prices of stocks and bonds). Most of
these studies are performed for developed financial markets, primarily US and

UK, due to availability of long history of time series data.

However, starting from early 2000’s, some studies conducted for developed
countries (including Gulko (2002) and Ilmanen, 2003) reveal positive correlation
between stock returns and bond yields (i.e. negative correlation between prices of
stocks and bonds) appearing mostly around crisis periods. Such phenomenon is
called “flight-to-quality” indicating investors’ intention to give up more risky
equity in favor of less risky bonds in times of uncertainty. Baur and Lucey (2009)
provide detailed discussion of terminology on the topic and define flight-to-
quality as a significant decrease in the correlation coefficient in a crisis period
compared to a benchmark period resulting in a negative correlation level. It is
worth to mention, that flight-to-quality is a particular case of decoupling — a term
used to describe the situation when two different asset classes that typically rise

and fall together move in opposing directions.

In general, despite the fact that linkages between stock and bond markets are
intensively studied, there are no unified conclusions on strength and the direction
of this relationship. Conflicting results among studies, obtained occasionally even
for the same markets, can be explained by different time periods covered as well
as different methodologies applied. Both academic (including most recent studies
by Andersson et al. (2008), and Baele and Inghelbrecht, 2010) and commercial
(for instance, ].P.Morgan report on cross-asset correlations of 2011) research on
the topic, however, unanimously confirm the fact of significant changes in the

sign and the magnitude of stock-bond correlation over time.



As was already mentioned, most existing studies concerning stock-bond relations,
particularly flight-to-quality phenomenon, are devoted to developed markets.
Rapid growth of emerging economies and their financial markets, accompanied
by market data accumulation, gives raise to the study of cross-market relations on
those markets as well. Nevertheless, to our best knowledge, the number of such
studies is limited. Among them the largest coverage of different countries is
provided by Boyer et al. (2006), who briefly examine stock-bond correlations
for 20 emerging markets within the study on how stock market crises spread.
Other studies perform analysis for individual countries. For instance,
Li and Zou (2008), Ahmed and Joher (2009), Venkateshwarlu and Babu (2011)
consider stock-bond relations in China, Malaysia and India respectively.
Apparently, conclusions made in these works are country-specific. However,
studies which, inter alia, look at assets’ behavior around financial crises,
including Boyer et al. (2000), Liand Zou (2008) as well as Ahmed and
Joher (2009), found that correlation between stock and bond returns do not
become negative in times of economic turbulence. This way, the hypothesis of
flight-to-quality, confirmed for many developed markets, is not supported for
considered emerging markets. One of possible explanations for non-decreasing
stock-bond correlation, provided by Boyer et al. (20006), is foreign investors’
behavior on the markets of developing countries. Authors suggest that foreign
investors withdraw capital from both equity and bond markets in times of
economic crisis. Local investors, meanwhile, do not have sufficient power to
arbitrage away the price impact of foreign trades due to wealth constraints. In
sum, prices of stocks and bonds move in the same direction ensuring positive

correlation between their returns.

While little has been done in the context of Latin American and Asian emerging
markets, academic research on linkages between stock and bond markets for

transition countries in CEE region is virtually missing. Taking into account the



importance of intrinsic cross-market mechanism we initiate the examination of
return and volatility linkages between stock and government bond markets for

Russia — the major market in the region.

According to the World Federation of Exchanges, the volume of transactions on
the Russian equity market grew 8 times over the recent decade — from $41 billion
in 2002 to $337 billion in 2012. By now it is one of the largest stock markets in
the emerging world with the total market capitalization over $880 billion as of
January 2013. Russian market of debt securities, meanwhile, became 10th largest

market in the wotld in 2012 with annual volume of bonds traded of $334 billion.

Distinctive feature of the Russian financial market is its high accessibility to
foreign investors. There are no restrictions to enter the market as well as easy
procedure of revenues repatriation. Currently, depository receipts are available for
65 Russian stocks, or 22% of all traded equities. According to the Moscow
Exchange, in the beginning of 2012 share of international investors in equity
trading turnover on the stock market amounted to 37%. Openness for
international investment community is expected to grow further in light of the
Moscow’s attempts to become one of the world financial centers along with

New-York, London and Tokyo.

Relying on existing knowledge about cross-asset relations and taking into account
Russian market specifics we impose two hypotheses which we are attempting to
test in this study. Firstly, in line with previous research, we believe that a stock-
bond correlation on the Russian market changes over time. Secondly, contrary to
findings for developed markets but similar to conclusions made for emerging
countries, we hypothesize that the flight-to-quality across domestic stock and
government bond markets is not typical for Russia. The last argument relies on
the suggestion that foreign investors, which hold considerable amounts of

domestic stocks and fixed income instruments in “good” times, leave less



developed and, thus, more vulnerable markets at times of economic uncertainty.
It pushes both stock and bond prices down, which is not consistent with the

flight-to-quality phenomenon.

Similarly to the most recent studies on the topic, we apply the Dynamic
Conditional Correlation (DCC) version of the multivariate GARCH model by
Engle (2002) to verify our initial hypotheses. This approach provides a
convenient way to account for specific features of asset returns, including
dynamic nature of both conditional volatiities and conditional correlations
between returns. However, in contrast to most studies on stock-bond co-
movements where simple GARCH (1,1) parameterization is used, we pay
considerable attention to the modeling of volatility processes typical for stock and
bond returns. Particularly, along with ordinary GARCH model we consider two
ARCH specifications allowing for the asymmetric responses of volatilities to

positive and negative shocks, particularly the EGARCH and TGARCH models.

There are a number of contributions this study makes. Firstly, we supplement
existing knowledge on cross-asset relationships providing an insight into stock-
bond co-movements on one of the largest emerging market. Secondly, we
perform thorough examination of volatility features of stock and bond returns in
Russia that enable us to obtain accurate estimates of the correlation between
them. Thirdly, we provide analysis of the most recent developments of the
Russian market, which allows drawing conclusions about its behavior during 2008

financial crises and testing for flight-to-quality phenomenon.

The next section of this study discusses the existing literature on the stock-bond
relationships. Sections 3 presents research methodology. Data description is
summarized in Section 4. Section 5 provides empirical results. The last section

concludes.



Chapter 2

LITERATURE REVIEW

The empirical relation between two main financial asset classes, namely stocks
and government bonds, has been actively studied during the last two decades.
Nevertheless, there is no consensus about the nature and determinants of the
linkages between stock returns and bond yields. Different time spans used in
research primarily stand for diverse, occasionally opposite, conclusions about
stock-bond returns cotrelation. Lack of clear evidence of interaction between two
asset classes, together with recent shifts in financial markets landscape, induces

ongoing academic discussion on the topic.

The very first question that academic literature addresses is actual existence of
correlation between stock and bond returns and the direction of this relation
(correlation sign). A classical paper by Fama and Schwert (1977) documents
negative correlation between returns: it reveals negative slope coefficient in the
regression of stock returns on Treasury bill returns. This conclusion finds support
in numerous studies of the late 1980’s devoted to the issue of predictability of
asset returns. In particular, stock-bond relation is extensively discussed by Keim
and Stambaugh (1986), Campbell (1987), Breen etal. (1989), Ferson (1989),
Shiller and Beltratti (1992) and Campbell and Ammer (1993).

Almost all early studies in this line of research are done using ordinary least
squares regressions (OLS) based on U.S. monthly data. Among above mentioned
studies only Shiller and Beltratti (1992) consider also U.K. data and use annual
returns for the analysis. Campbell and Ammer (1993), in turn, have been the only

authors who have used linear vector-autoregressive (VAR) approach instead of

OLS.



Besides data coverage, the common feature of the eatly studies is the assumption
(implicitly implied by the methods used) that the correlation between returns in
two markets does not change over time. In this regard, the second question that
has been raised in this line of research is whether stock-bond correlation is time

dependent.

Virtually all studies starting from late 1990’s reject the hypothesis of time-
invariant co-movement between returns in two markets. For instance, Li (2002)
uses both monthly (for the period from 1958 till 2001) and daily (for the period
from 1980-1991 till 2001 depending on the country) data to detect the growing
correlation of stock-bond price changes across G7 countries till mid 1990,
followed by reversion to almost zero values till 2001. Studies by Jones and
Wilson (2004) and Yang et al. (2009), that are done only for US and UK markets
but cover longest periods of time (1871-2000 of monthly and annual data and
1855-2001 of monthly data respectively), confirm the dynamic nature of the
relation between markets. Academicians that use more recent data reveal
strengthening of fluctuations in correlation between stock and bond returns over
time both in the US market (Chou and Liao, 2008; Aslanidis and
Christiansen, 2012)) and the markets of several European countries (Baur and

Lucey, 2009; Kim et al., 2000).

Growing amount of literature on the time-varying nature of stock-bond returns
correlation, in turn, can be separated into two main groups depending on the

driving forces that researchers suggest may explain such variance.

One group of studies tries to connect changes in stock-bond correlation with
macroeconomic factors, primarily inflation uncertainty. Following the paper by
David and Veronesi (2001), Li (2002) and Ilmanen (2003) employ monthly data
on developed countries to show that greater concerns about future inflation result

in stronger co-movements between stocks and bonds. More recent study by

9



Andersson et al. (2008), performed using daily data on U.S. and German stock
and bond returns, confirms that expected inflation is positively related to the

time-varying correlation between returns on two markets.

Another group of studies focuses on stock market uncertainty associated with
economic crises as a main source of time-variability in stock-bond relation.
Among first Gulko (2002) gave attention to the patterns of the stock and bond
returns dependency on market shocks. Particularly, using returns on U.S. stocks
and Treasury bonds the author shows that the unconditional positive correlation
between stocks and bonds switches sign during stock market crashes confirming
flight-to-quality. Further this phenomenon finds support in works of Jones and
Wilson (2004), Hartmann et al. (2004), Connolly et al. (2005),
Cappiello et al. (2006), Baur and Lucey (2009).

All above studies deal primarily with developed markets. The number of studies
performed directly for emerging world is limited. Addressing somewhat different
questions and applying different techniques researchers come to country-specific

conclusions that not always can be compared with each other.

Brief examination of stock-bond correlations around crisis periods for 20
emerging countries, including Russia, is performed by Boyer et al. (2006) within
the study on how stock market crashes spread. Using regime-switching model
the authors show that during 1989-2002 correlation between stock and
government bond returns, on average, does not decreases during crisis periods
on emerging markets, while there is an evidence of decrease in stock-bond co-
movement on all developed markets. Authors’ explanation for increase in
correlations between risky (stocks) and safe (government bonds) assets is that
investors withdraw capital from both equity and bond markets and wealth-

constrained local investors are unable to arbitrage away the price impact of

10



foreign trades. In this study we apply the same suggestion when hypothesize

that there is no flight-to-quality on the Russian market.

More recent study by Li and Zou (2008) confirms that conclusion for Chinese
market. Addressing the question of policy and information shocks impacts on
the correlation between government bond and stock daily returns they have
found that the tendency of stock and bond prices to move in the same direction
amplifies when investors are hit concurrently by bad news. Similarly, utilizing
both weekly and monthly data, Ahmed and Joher (2009) have documented
strengthening in significance of positive stock-bond correlation during the crisis
period in Malaysia. However, during the recovery period the correlation became

negative, but insignificant.

To our best knowledge, there are no profound studies on cross-asset linkages we
are considering that deal with transition economies in CEE region. In this thesis
we aim to fill the existing gap by performing analysis of stock-bond relations on
the largest financial market among former Soviet Union countries, namely Russia.
Understanding of the intrinsic relations and mechanisms typical for this market is
of the growing importance due to the country’s strategic goal to compete with
leading financial centers in the world. Therefore, this study is meant to
supplement the existing knowledge on the relationships between stock and bond
markets on one of the largest emerging markets that is expected to increase its

role in the nearest future.
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Chapter 3

METHODOLOGY

Dynamic Conditional Correlation (DCC) version of the multivariate Generalized
Autoregressive Conditional Heteroscedasticity (GARCH) model, developed by
Engle and Sheppard (2001) and Engle (2002), is applied to give an insight into

time-varying stock-bond relationship.

We start this section by providing the reason why the DCC-GARCH approach is
an appropriate tool to use in this research. Then we proceed to the description of
the basic model’s setup and its assumptions. Finally, we consider the estimation
procedure envisaged by the model introducing additional volatility model
specifications that allow accommodating for the asymmetry in volatility, namely
the Exponential GARCH (EGARCH) and the Threshold GARCH (TGARCH)

models.

A number of studies conducted for developed countties, as was described in the
previous parts of this thesis, have shown that strength and direction of linkages
between stock and bond markets changes over time. Thus, simple static
correlation coefficients cannot provide information sufficient for understanding
the true nature of the relationship between markets. As a consequence, an

approach that allows for time-varying evolution of that relationship is required.

Taking into account the stylized facts of conditional heteroscedasticity in asset
returns, it is reasonable to utilize DCC-GARCH approach that provides a
convenient way to account for the dynamic nature of both conditional volatilities

and conditional correlations between asset returns.

12



The main outcome of the DCC-GARCH model we are interested in is the
conditional covariance matrix that allows estimating conditional correlation

between two series, namely stock and bond returns, evolving over time.

To illustrate the model’s setup, let 1, = [rd 1] be the (2x1) vector containing
two series of returns. In the general specification of DCC-GARCH conditional
returns are assumed to be multivariate normally distributed with zero mean and

conditional variance-covariance matrix Ht:

rt:“'t—'_st’ (1)

where p, is a (2x1) vector of the expected value of the conditional returns, i.e.
p = E(r,|].,), and e, is a (2x1) vector of zero mean return innovations

conditional on the information &, available at t-1,1.e. ¢, |, ~ N (0, H,).
The residual returns e, are represented as:
e, = Dy,~ N (0, H), @

where D, = diag{:/hj} is a (2x2) diagonal matrix of time-varying standard
deviations from the univariate GARCH models, estimated for each series, and v,

is a (2x1) vector of standardized residuals calculated as v, = ¢, /+/ hy¢.

Then the conditional variance-covariance matrix H, = {h,}, Vi=1,2 can be

decomposed as:
H =DRD, )

where R, = {p;j ¢}, forij = 1,2 is a (2x2) conditional correlation matrix of the

standardized disturbances.
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The covariance matrix H, is positive-definite by construction. From the fact that
H, is the quadratic form based on R, it follows that correlation matrix R, should
also be positive definite. Moreover, by definition of correlation matrix all
elements of R, should not to exceed unity. To insure that both of these

requirements are met, R, is decomposed as follows:
— -1 *—1
Ry = Q70 Q" @

where Qf is a (2x2) diagonal matrix composed of the square root of the

diagonal elements of the Q; = {q;j} and the last one follows the GARCH

process:

Q =1—a—-P)Q+alviv) +BQ;—, ®)

where o and  are scalars such that =0, 320, a+3<1 and Q is unconditional
covariance matrix of the standardized residuals from the univariate GARCH

models, i.e. Q = E[v{v,].

For this study, the matrix of interest is the conditional correlation matrix R,
particularly its element p;;r = q;j¢/+/qiitQjjc  for ij = 1,2, which represents

the conditional correlation between returns on stocks and bonds.

In practice, there is a three-step procedure to follow in order to estimate
conditional correlation coefficients using DCC-GARCH. Firstly, estimation of
mean equations is performed for each time series. Secondly the residuals from the
first step are used to estimate volatility, or GARCH, model for each series.
Finally, the transformed residuals from the second step are employed to obtain a
conditional correlation estimates. These steps are described further in details for

the case of two time series of returns which is applicable for this research.

14



The first step in building the DCC-GARCH model is to obtain residuals e, from
mean equation for each time series. In line with other studies of financial time
series behavior, we specify the conditional mean using autoregressive moving-
average (ARMA) process to capture possible autocorrelation in returns caused
by market microstructure effects (e.g., spread effect) or non-trading effects.
Specifically, we impose an assumption (which we will test when implementing

estimation procedure) that returns follow an ARMA (p, q) process described as:
=+ Do Glrii + el + D, Ol =12 ©

On the second step the residuals from the mean equations are used to get
estimates of time-varying standard deviations from the volatility equation. In
the basic version of DCC-GARCH volatility is modeled with the simple

univariate GARCH (m, n) process as:
ht = wp + Zit1 Ok + Tiem Mo, © = 1,2 )

The standard GARCH model suggests symmetric response of returns’ volatility
to positive and negative shocks on the market. However, many empirical
studies, beginning with Black (1976), reveal strong asymmetry in volatility
meaning that negative returns are followed by larger increases in volatility than
equally large positive returns. This phenomenon is also called the leverage
effect. To capture its probable presence on the Russian stock and bond
markets, in addition to symmetric GARCH we estimate two asymmetric
versions of volatility models that account for different effects of positive and

negative shocks.

The first specification is the Exponential GARCH (EGARCH), introduced by

Nelson (1991), which model conditional volatility as:

15



Et—i

hi_;

log(h?) = wy + Xiq w;

Er:
+ 2510y o+ Zkaamelog(hi) - @
-]

The log of the conditional variance implies that the asymmetry effect is

exponential. Positive (&,_;>0) and negative (&._;<0) shocks affect volatility

differently if 0; is not equal to zero.

The second asymmetric volatility model is the Threshold GARCH (TGARCH)
by Rabemananjara and Zakoian (1993) and Zakoian (1994):

he = wo + Y50 i+ Xy &l () + Thoa M heei, )

where I()) is the indicator function such that I()=1 if &_;<0 and I ()=0

otherwise. Then the leverage effect is evident if y; is positive.

In sum, statistically significant values of 0 and y parameters in above equations
indicate the leverage effect. In this case ordinary GARCH parameterization may
be misleading when modeling volatility process. Thus, one of the asymmetric
specifications should be utilized to estimate conditional volatility model for

assets’ returns.

From the conditional volatility equations, estimated for each series, the
elements of matrix D, ie. the diagonal matrix of time-varying standard

deviations of residual returns, are obtained.

The third and last step in DCC-GARCH implementation is estimation of DCC
parameters, particularly elements of conditional correlation matrix R,. Following

Engle (2002) the model can be estimated utilizing quasi-maximum likelihood

method (QMLE) with the following log-likelihood function:

16



T
L= -05 Z(n log(2m) + log|H,| + r/H:1}) =

t=1

T
=—-0.5 Z(n log(2m) + log|D;R;D;| + 7/Df 'R 1D r,) =

t=1

T
=-0.5 Z(nlog(Zn) + 2log|D¢| + log|R¢| + gRite,) = (10)

t=1

T
=—-0.5 Z(nlog(Zn) + 2log|D;| + /D7Dy — gter + log|R,|
t=1
+
+ &R7le) = L+ Ly,

where L; = —0.5X7_,(nlog(2m) + 2log|D;|? + 1{Di?ry) is the volatility
term and L, = —0.5Y7_,(log|R;| + &/R;'e, — &i&;) is the correlation

COl’IlpOI’ICI’lt.

The parameters of correlation model in (5), estimated with above procedure, are
employed to calculate conditional correlation between returns on two series at
each point of time. Then, using graphical analysis, we can draw conclusions
about the validity of our initial hypotheses. In particular, from the plot of
correlation series we will be able to identify whether the stock-bond correlation
varies over time. Covering the period of the financial crisis of 2008, we also will
obtain the picture of stock-bond relationship behavior around the period of
economic distress. This will enable us to make inferences about presence of

flight-to-quality phenomenon on the Russian market.

Despite all advantages of DCC approach, mentioned above, it is important to
note that it does not provide any precise information about causality in stock-

bond comovements or presence of long-run equilibrium relationships between

17



markets. It also sheds no light on possible sources of correlation dynamics.
Nevertheless, DCC-GARCH is a powerful tool for our research since we are
not aiming to get answers to above questions, but focus on quantifying the

conditional correlation between returns and analyzing its evolution over time.
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Chapter 4

DATA DESCRIPTION

The data on the Russian stock and bond markets used in this study comes
from the Moscow Exchange — the largest exchange in Russia created after the

merger of country’s two leading exchanges MICEX and RTS in 2011.

The MICEX Index is used to evaluate stock market performance. MICEX is a
free-float capitalization-weighted composite index denominated in Russian
rubles. It was introduced in September 1997. As of March 2013, the index
constituents are the 50 most liquid Russian stocks traded on the Moscow

Exchange.

Bond market dynamics is estimated utilizing the Russian Government Bond
Index (RGBI). RGBI is a weighted average price bond index designed
according to the clean price methodology, i.e. any interest that has accrued
since the bond’s issue or the most recent coupon payment is excluded when
calculating the bond price. The clean-price approach helps to get rid of
coupon payments effect on bond prices and, thus, to obtain price changes

that occurred purely due to market factors.

RGBI constituents are both short term and long-term government bonds
issues denominated in rubles. The list of constituents is reviewed each month
to insure that the index tracks the actual government bond market conditions.

RGBI is calculated starting from December 31, 2002.

Daily and biweekly returns on stock and bond indexes are employed for the
analysis. Particularly, we use continuous log returns computed as In(P/P, ),

where P, is the closing value of the index on period t.
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Since stock and bond returns will be analyzed together, time series of index levels
is constructed starting from January 2003 — the earliest date available for the
index with shorter history, i.e. RGBI. As a result, time period covered in this
study is 10 years and 3 months: from January 1, 2003 till March 29, 2013.

Final sample includes 2530 observations of stock and bond daily returns and 257
observations of stock and bond biweekly returns for each time series. The
descriptive statistics for the returns, presented in Table 1, confirms stylized facts
about assets returns. As expected, the stock market provides, on average, higher
returns and is associated with higher risk as compared to the bond market.
Returns distributions on both markets are not normal (as Jarque-Bara test
indicates) and characterized by negative skewness and notable excess kurtosis.
The last one indicates that the probability distribution for both returns exhibits

fatter tails than the normal distribution.

Table 1. Descriptive statistics of stock and bond returns (in annual terms)

B
Period Obs. Mean St. dev. Min Max Skewn. Kurt. J
(p-value)
Daily returns

26 308

MICEX 2530 0.152 5.687 -50.609  61.804 -0.190 18.793 (0.00)
RGBI 2530 0.034 1.373 -19.129 17545 -0.158 77.134 SZ(? 33)5

Biweekly returns

3179

MICEX 257 0.214 1.763 -9.244 5.161 -1.178 7.961 0.00)
RGBI 257 0.026 0.344 -1.021 2.97 3.021 27.753 6(?) 33)6

p-value in brackets
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Figure 1. MICEX and RGBI dynamic, January 2003 — March 2013
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Figure 2. Stock and bond returns dynamic, January 2003 — March 2013
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From the graphs of the indices dynamics (in levels), illustrated in Figure 1, we
suspect that index levels are non-stationary. By contrast, returns on indexes,
whose evolutions are depicted on Figure 2, look like stationary process. Formal
unit-root tests confirm these observations. As can be seen from test statistics in
Table 2, both Dicky-Fuller and Phillips-Perron tests reject the hypothesis of
stationarity in stock and bond index levels at the 95% confidence level, but
indicate that returns on both markets are stationary. Thus, the data in samples for

both markets are found to be I(1) in levels.

Table 2. Augmented Dickey — Fuller (DF) and Phillips — Perron (PP) unit-root
test statistics for the time seties of stock and bond index levels and returns

Ind Model with intercept Model with intercept and trend
= DF PP DF PP
Index levels
-1.903 -1.884 -1.820 -1.777
MICEX (0.331) (0.340) (0.695) (0.716)
-1.740 -1.491 -2.386 -2.006
RGBI (0.411) (0.538) (0.387) (0.598)
Daily returns
-49.813 -49.842 -49.837 -49.872
MICEX (0.000) (0.000) (0.000) (0.000)
RGBI -53.420 -54.435 -53.410 -54.424
(0.000) (0.000) (0.000) (0.000)
Biweekly returns
-17.787 -17.675 -17.918 -17.788
MICEX (0.000) (0.000) (0.000) (0.000)
RGBI -16.925 -54.435 -17.675 -16.886
(0.000) (0.000) (0.000) (0.000)

Values in parentheses are MacKinnon approximate p-values for test statistics

Plots of returns dynamics in Figure 2 show an evidence of another well-known
property of financial asset returns, namely volatility clustering, when high returns
(of cither sign) are followed by high returns and, similarly, low returns are
followed by low returns. The most evident example of clusters existence in our
sample is returns behavior in during the second half of 2008 when the word

financial crisis was at its peak.
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According to Black (1976), volatility clustering in returns manifests itself as
autocorrelation in squared and absolute returns or in the residuals from the
estimated conditional mean equation for financial series. Such evidence of
conditional heteroscedasticity suggests that the GARCH process might be

appropriate to model returns behavior.

Careful examination of the evolutions of stock and bond returns together also
allows to conclude that association between volatility clusters on the markets are
fairly close during certain periods (as in 2008-2009), but not all the time. This
observation provides support for the idea of time-varying correlation between

stock and bond returns.
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Chapter 5

EMPIRICAL RESULTS

We start our analysis with thorough examination of each return series separately
in order to obtain univariate conditional heteroscedasticity models that describe
volatility properties of stock and bond returns. The residuals from those models
will be used as inputs for the multivariate DCC-GARCH model which, in turn,

will allow us to end up with estimates of conditional stock-bond correlations.

The first step in our analysis is to find the conditional mean equation that
captures serial correlation in returns if any is present. From autocorrelation and
partial autocorrelation functions for stock (Figure 3) and bond (Figure 4) returns
we conclude that there is no statistically significant association between daily
stock returns and their lagged values, whereas serial correlation in daily bond
returns is evident. In order to test these initial suggestions and determine precise
ARMA specifications we use the Akaike (AIC) and the Bayesian (BIC)

information critetia.

Both the AIC and the BIC, estimated for different (in terms of p and g)
specifications of the ARMA (p, q) process (see tables Al and A2 in the
Appendix), select ARMA (0, 0) and ARMA (1, 4) models for daily stock and
bond returns respectively. However, information criteria pick different orders for
assets” biweekly returns. The AIC selects the highest among considered orders,
namely ARMA (2, 2) and ARMA (4, 4) for biweekly stock and bond returns
accordingly, while the BIC indicates no lags for biweekly stock returns and
chooses ARMA (1, 1) for bond returns. Our findings are consistent with the fact

that the BIC penalizes additional parameters more severely.
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In order to estimate more parsimonious models we prefer to use specifications
selected by the Bayesian information criteria. Thus, for further modeling of daily
and biweekly stock returns we use mean equations containing constant terms
only. To model bond returns behavior we incorporate AR term of first order and
MA term of order 4 into the mean equation for daily bond returns and AR and

MA terms both of order one for biweekly bond returns.

To test for conditional heteroscedasticity in returns, or ARCH effects, we
perform the Ljung-Box (LB) and the Lagrange multiplier (LM) tests for the
squared residuals from the mean equations. Test statistics, displayed in Table 3,
reject the null hypothesis of no conditional heteroscedasticity for each series
confirming that GARCH parameterization is appropriate to model returns

behavior.

Table 3. Tests for ARCH effects in stock and bond returns

LB IM | LB LM
Daily returns
MICEX 2624.0 4822 | RGRI 910.35 14.29
(0.00) (0.00) (0.00) (0.00)
Biweekly returns
MICEX 71.75 5.67 RGBI 55.00 4.10
(0.00) (0.00) (0.00) (0.00)

Values in parentheses are p-values for test statistics

The next step in our analysis is to determine the most appropriate vatriance
equation that captures volatility properties of each returns’ series. We start with
estimation of univariate GARCH (m, n) models for each series. Then, using the
residuals from the estimated GARCH equations, we perform a Sign and Size Bias
(SSB) test to determine whether positive and negative shocks have a different
impact on volatllity. For the returns series that exhibit the leverage effect

estimation of the different asymmetric GARCH models will follow.
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Since a GARCH model can be treated as an ARMA model for squared residuals,
traditional AIC and BIC information criteria can be used to select the right order
of conditional volatility model. Tables A.3 and A.4 in the Appendix provides AIC
and BIC values for different orders of GARCH (m, n), estimated for stock and
bond returns taking into account underlying ARMA processes. Relying heavily on
the Bayesian information criteria we select GARCH (1, 1) and GARCH (2, 2)
models for daily and biweekly stock returns respectively and GARCH (1, 1)
models for both daily and biweekly bond returns.

The p-values of the SSB test, performed for residual from each of above specified
GARCH models (see Table 4), indicate that the null hypothesis of no bias is
rejected for each series under consideration. Therefore, incorporation of the
asymmetry effects into GARCH models seems to be meaningful. The Bayesian
information critetia, obtained from estimated EGARCH and TGARCH models
(see Tables A5 and A6 in the Appendix), picks TGARCH (2,1) and
EGARCH (2, 2) specifications for daily stock and bond returns and
EGARCH (1, 2) and TGARCH (1, 1) models for biweekly stock and bond

returns accordingly.

Table 4. Sign and Size Bias(SBB) test for asymmetry in volatility of returns

Daily returns Biweekly returns

MICEX 7145 | reer 12423 | zvuepx 1274 | rapr 3784
(0.00) (0.00) (0.01) (0.01)

Values in parentheses are p-values for test statistics

According to the Q-test statistics, presented in Table 5, the standardized
residuals from the conditional volatility models, estimated under the above
mentioned specifications, appear to be a white noise for each series at 5%
significance level. Consequently, we may conclude that these models provide

adequate descriptions of the volatility behavior of stock and bond returns.
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Table 5. The Portmanteau (Q) test for white noise in the standardized residuals
from the conditional volatility models

Daily returns Biweekly returns

MICEX 3289 | Rramr 5315 |mMicEx 4193 | rgpr 4570
(0.78) (0.08) (0.39) (0.25)

Values in parentheses are p-values for test statistics

Finally, specifications for mean equations and volatility models are used to
estimate the DCC-GARCH parameters. Tables 6 and 7, that can be found in the
end of this section, display estimation results for the mean, variance and

correlation models for daily and biweekly returns.

All parameters of the variance models predicted for bond returns are
statistically significant reviling existence of volatility clustering on the
government bond market. Nonzero and significant values of ¢ and y terms in
TGARCH and EGARCH, performed for daily and biweekly bond returns

accordingly, confirm asymmetric volatility response to positive and negative

shocks.

The results of models estimated for daily and biweekly stock returns are
controversial. While the TGARCH model confirms the leverage effect in the
daily stock returns, the EGARCH performed for biweekly stock returns
provides statistically insignificant value of the asymmetry parameter o©.
Nevertheless, we proceed with asymmetric GARCH model for biweekly returns
relying on the SB test performed earlier and results of previous research that
confirm different effects of positive and negative shocks on volatility of

financial asset returns.

Plots of estimated conditional volatilities, illustrated in Figure 5 and 6, reveal
clear distinction between assets behavior on two markets. Stock returns exhibit

significantly higher conditional variation than bond returns, which is consistent
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with the difference in the assets’ risk profiles. Nevertheless, spikes in volatility,
recorded on both markets in September 2008, were much far above the average

on the market of government bonds.
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Figure 6. Estimated conditional variance of biweekly stock and bond returns
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The parameters of the correlation equation, estimated for daily returns, are
highly significant rejecting the hypothesis that cross-asset correlation is constant
over time. Moreover, the sum of the DCC parameters o and {3 is almost unity
indicating persistence in conditional correlation between daily stock and bond
returns. From the model for biweekly asset returns the same conclusions can be
derived except for the fact that the hypothesis of insignificance of a parameter

in the DCC cannot be rejected at 5% level.

Evolution of the estimated conditional correlations, highlighted by Figure 6,
reveals the time-varying nature of co-movements between stock and bond
markets in Russia, which is in line with the conclusions of studies made for

developed and developing countries.

Dynamics of the correlations estimated utilizing daily returns indicates that over
the past 10 years, stock-bond conditional correlations on the Russian market
estimated for daily returns have been fluctuating primarily in the range of 0% to
30%. Despite the fact that correlations are persistent, returns of daily frequency
provide quite noisy picture of correlation evolution with no clear time trend

over the considered period.
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Figure 7. Dynamics of the estimated correlation between stock and bond returns
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Whereas for most of the decade the daily correlations were positive, there was a
substantial drop below zero value during the recent financial crisis when the
correlation fell from almost 30% in August 2008 to -12% in February 2009.
Thus, results based on daily returns on stocks and government bonds reveal
negative stock-bond correlation in times of economic turbulence which is

consistent with the flight-to-quality.

The correlation between biweekly asset returns is, on average, higher than the
correlation between daily returns. Biweekly correlation also varies considerably
over time, but some trends in its development are evident. Particularly, the
correlation has decreased from more than 50%, observed in the beginning of
2004, to approximately 20% in the beginning of 2008. In the middle of 2008,
however, the co-movement between stock and bond prices has strengthened

considerably, followed by further increase in returns correlations.

Thus, the analysis performed for the returns of biweekly frequency does not
provide any supportt for flight-to-quality on the Russian market. In contrast to
the results obtained for daily returns, the biweekly correlation dynamics reveals
strengthening in significance of positive stock-bond correlation during the crisis.
This conclusion coincides with the results obtained for a number of emerging
countries, where no flight-to-quality between stock and government bond
markets was documented. In particular, our findings are similar to Ahmed and
Joher (2009), who have detected increase in correlations between weekly and

monthly stock and bond returns during the crisis in Malaysia.

Taking into account the fact of high noise in the dynamics of correlation between
daily stock and bond returns we tend to rely mostly on the results of the analysis
performed for biweekly returns and conclude that there the flight-to-quality is no

typical for the Russian market
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Table 6. Specifications and estimated parameters of mean, variance and
correlation models for daily returns

Models’ specifications

Mean models:

stocks — ARMA (0,0): 1 = ¢y + & ;

bonds — ARMA (1,4): 7, = ¢ + Py Temq + & + Dbe1 0k Ec—k
Variance models:

stocks — TGARCH (2, 1):

hy = wo + w1 &g +ve1li1()+ @y &5+ 11 heys
bonds — EGARCH (2, 2):

Et—2

ht—2

Et-1
|+ w,

t—-1

2y — €t-1 2 2
log(ht) = wy + wy + O'h_ + 14 log(hi—1)+ 0, log(ht_,)

t-1

Correlation model:

Q =A-a—pQ+a(ive) +BQ—

Mean models’ parameters

do b1 0, 6 05 0,
0.418
Stocks - - - - —
(0.00)
Bonds 0.008 -0.533 0.720 0.159 0.043 0.046
(0.03) (0.01) 0.00)  (0.00) (0.02) (0.00)
Variance models’ parameters
W o W1 w2 m N2 Y o
Stocks 0.416 0.113 0.091 0.852 -0.119
(0.00) (0.00) 0.00)  (0.00) ©(0.00) -
Bonds -0.480 0.439 0.316 0.023  0.988 0.010
(0.00) (0.00) 0.00)  (0.00)  (0.00) (0.00)
Cortrelation model parameters
o ¢
Stocks versus 0.020 0.959
bonds 0.01) 0.00)

Values in parentheses are p-values for test statistics
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Table 7. Specifications and estimated parameters of mean, variance and
correlation models for biweekly returns

Models’ specifications

Mean models:

stocks — ARMA (0,0): 1 = ¢y + & ;

bonds — ARMA (1, 1):1y = ¢ + Py 11+ & + 01 &1
Variance models:

stocks — EGARCH (1, 2):

Et-1

2 €t-1 2 2
log(ht) = wy + wy + O'h_ + 1y log(hi—1)+ 0, log(ht_,)

t—-1 t-1

bonds — TGARCH (1, 1):
he = wy + oy &1 +vee1le—1() + 11 he_y;

Correlation model:

Q =1 —-a—-BQ+aivy) + Qs

Mean models’ parameters

$o o1 6.
0.264
Stocks - -
(0.01)
Bonds -0.006 0.722 -0.658
(0.70) (0.00) (0.01)
Variance models’ parameters
w o w1 ni N2 Y a
Stocks -0.217 0.424 0.080 0.797 B 0.045
0.02) (0.00) 0.15)  (0.00) (0.39)
Bonds 0.0002 0.142 0.764 0.161
(0.00) (0.00) (0.00) (0.01)
Correlation model parameters
o g
Stocks versus 0.028 0.953
bonds 0.34) 0.00)

Values in parentheses are p-values for test statistics

33




CONCLUSIONS

In this thesis the linkages between stock and bond markets in Russia are
examined by testing the hypothesis of time-varying correlation between stock and
bond returns. Using daily and biweekly returns on stock index MICEX and
government bond index RGBI we document evolution of stock-bond

correlations over 2003-2013.

The Dynamic Conditional Correlation version of the multivariate GARCH model
is applied to quantify the conditional stock-bond correlations. To account for the
asymmetry in volatility responses to positive and negative shocks, asymmetric
versions of GARCH, in particular EGARCH and TGARCH, are used to estimate

volatility models for stock and bond returns.

Our findings reveal significant time variability in correlation between stock and
bond returns on the Russian market, which is in line with the conclusions of
many studies performed for developed and developing countries. The
conditional correlations, estimated for daily returns, are mostly positive, but
exhibit noisy behavior and show no clear tendencies over the considered

period.

The conditional correlations between biweekly returns, meanwhile, indicates
decreasing trend in the co-movements between stocks and bonds during 2003-
2007. In 2008 this trend reversed signifying strengthening in significance of
positive stock-bond correlation during the crises period. This way, the

hypothesis of flight-to-quality existence on the Russian market is rejected.

For further research on the topic we suggest to investigate the causality
relationships between Russian stock and bond markets and shed some light on

possible sources of the correlation dynamics.
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APPENDIX

Table Al. Model selection criteria for estimated ARMA (p, q) models for daily
and biweekly stock returns

Daily Biweekly

P, 9 AIC BIC AIC BIC

0,00 | 631528* | 6.31759* 3.9740 3.9879*
(1,0 6.31600 6.32061 3.9697 3.9975
2,0 6.31599 6.32061 3.9719 3.9997
1, 1) 6.31610 6.32302 3.9753 4.0170
@1 6.31578 6.32271 3.9685 4.0101
1,2 6.31576 6.32269 3.9578 3.9995
22 6.31602 6.32526 3.9569* 4.0124

* minimum value
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Table A2. Model selection criteria for estimated ARMA (p, q) models for and
biweekly bond returns

Daily Biweekly

®, 9 AIC BIC AIC BIC

©0,0) | 3.473822 3.476132 0.710446 0.724412
1,0) | 3.470882 3.475501 0.714017 0.741949
2,00 | 3.470010 3.474630 0.713551 0.741483

(3,0) | 3.461560 3.468489 0.721199 0.763097

4, 0) 3.462381 3.469310 0.713888 0.755786
1,1 3.459390 3.466319 0.717769 0.710928*

2,1 | 3.460423 3.469662 0.655065 0.759667
(1,2) | 3.445634 3.454873 0.659604 0.715468

(2,2) | 3.443365 3.454913 0.662199 0.732029
(3,1) | 3.463161 3.472400 0.674817 0.730681

(1, 3) 3.460014 3.469253 0.685473 0.741337
(3,2 3.461036 3.472585 0.660677 0.730506
2, 3) 3.445919 3.457468 0.655428 0.725258
(3,3 3.443226 3.457084 0.688516 0.772312
“4,1) 3.4435306 3.457394 0.663320 0.747116
(1,4) | 3.439253* 3.455421* 0.685862 0.783624
4,2 3.445037 3.456585 0.682027 0.751857
2,4 3.444773 3.456322 0.671520 0.741350
4, 3) 3.4380062 3.451921 0.655666 0.739462
(3,4 3.436124 3.449982 0.661359 0.745155
4,4 3.437505 3.453673 0.662211* 0.759972

* minimum value
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Table A3. Model selection criteria for estimated GARCH (m, n) models for stock

and bond returns

(m, n) Stock returns Bond returns
AIC BIC AIC BIC
Daily returns
1,1 5.8360 5.8452% 1.6184 1.6392
1,2 5.8352 5.8467 1.6008 1.6239
O] 5.8338* 5.8453 1.5709 1.5940
2,2 5.8344 5.8483 1.5649* 1.5903*
Biweekly returns

1,1 3.8431 3.8973* -0.0668 0.0163*
1,2 3.8298 3.8989 0.0748* 0.0222
(O] 3.8283 3.8983 -0.0665 0.0305
2,2 3.8235* 3.9064 -0.0742 0.0366

* minimum value

Table A4. Model selection criteria for estimated EGARCH and TGARCH
models for daily stock and bond returns

Stock returns

Bond returns

(m, ) AIC BIC AIC BIC
EGARCH

) 5.8197 5.8312 1.8120 1.8351

1,2) 5.8180 5.8319 1.9638 1.9892

2 1) 5.8155 5.8293 1.7818 1.8072

2,2) 5.8162 5.8324 1.6207* 1.6484*
TGARCH

) 5.8166 5.8281 18174 1.8405

1, 2) 5.8141 5.8280 1.8134 1.8388

2, 1) 5.8123* 5.8261* 1.8189 1.8442

2,2) 5.8125 5.8286 1.8140 1.8417

* minimum value
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Table A5. Model selection criteria for estimated EGARCH and TGARCH
models for biweekly stock and bond returns

Stock returns

Bond returns

(m, o) AIC BIC AIC BIC
EGARCH

) 3.847 3.916 20,022 0.074

1, 2) 3.807* 3,800 0,017 0.094

2 1) 3.833 3915 0,016 0.095

2, 2) 3.813 3.909 -0.016 0.109
TGARCH

) 3.8498 3.9188 20,0724 0.0245

1, 2) 3.8365 39193 L0.0765* 0.0343

2 1) 3.8361 3.9189 20,0542 0.0566

2, 2) 3.8313 3.9279 0.0575 0.0671

* minimum value
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