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This  study examines the time-varying stock-bond
corvelation under diffevent inflation and output regimes
in Indin from April 2004 to August 2023. Spells of
negative stock-bond corrvelation ave found to be ephemeral
in India compared to episodes of positive corrvelation,
sugpesting low portfolio diversification benefits between
bonds and equities. Howevey, bonds can act as o useful
vehicle for veducing equity portfolio volatility. Episodes of
risk aversion in financial markets may lead to switching
of corrvelation fiom a positive to negative sign amid flight
to safety. Results indicate that when inflation is moderate,
and the economy is growing, investors are more likely to
buy both stocks and bonds vesulting in a positive stock
bond corvelation.

Introduction

Stocks and bonds are two asset classes that are
ubiquitous to most portfolios, from large institutional
portfolios to small individual centric retail portfolios.
While stocks have historically outperformed bonds,
they have experienced higher volatility. Therefore, a
rational risk-averse investor might be concerned about
"expected risk adjusted returns” rather than only
expected returns. This explains investor preference
for portfolio diversification across asset classes

especially between stocks and bonds.

The co-movement between equity and bond

market returns has sometimes been used as a market
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timing indicator to switch between equities and bonds
by investors, analysts, and financial commentators'.
During periods characterised by broad-based
optimism, the purchases of equities outweigh bonds,
and the prices of both the assets usually move in the
same direction leading to a positive correlation (albeit
low). The periods of negative correlation between the
returns of the two assets can arise due to an increase
in investor risk perception during periods of flight to
safety when investors perceive heightened risk and
rebalance their portfolios in favour of bonds which
in turn creates a divergence between the returns of
both the assets. Recent research has shown a time-
varying and sign switching character of stock-bond
correlation (Li et al, 2020; Brixton et al., 2023). One
of the plausible reasons for this characteristic is the
increased global financial integration in the last two
decades. The asset markets, in many countries, co-
move more strongly with the dominant asset markets
(like the US stock and bond markets). This may have
reduced the benefits of cross-country diversification
and investors, thereby, need to reallocate their
resources more frequently, inducing a random walk
in the stock-bond return correlation (Baur, 2010). In
a dynamic environment, it is desirable for investors
to continuously assess the market information and
adjust their portfolio. Thus, from a dynamic asset
allocation perspective, correlation between stocks and
bonds becomes important.

Even though shifts in stock bond correlation
driven by macro-factors is more important for
individual portfolio allocators, the central bank too
can, in principle, derive insights from the changing
stock-bond correlation. For instance, Pericoli (2018)
suggests "although central banks do not have specific
price targets for bonds or stocks, they are increasingly

~ The authors are from the Department of Economic and Policy Research.
The authors thank Satyam Kumar for his insightful comments. The views
expressed in this article are those of the authors and do not represent the
views of the Reserve Bank of India.
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1 Another plausible way to look at the relationship between equity and
bond markets is to compare forward earnings yield of the stock market
(E/P) with the 10-year G-sec yield (Y). This relationship has been christened
as "Fed Model" and is given by the following equation: (E/P) = Y.
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using the information contained in the prices of
these assets to gauge market participants’ growth
and inflation expectations. Hence, stock/bond return
correlation estimates may offer policymakers useful
complementary information to determine whether
markets are changing their views on inflation or
economic activity prospects.”

Empirical work on studying the stock bond
correlation has focused on exploring the various
economic factors driving the dynamic stock-bond
correlation and has identified real interest rates,
economic growth rate, inflation, and dividend
growth as macroeconomic variables influencing
the relationship (Pericoli, 2018). Uncertainty about
expected inflation and growth, risk aversion, and
market liquidity also emerged as potential factors
influencing the trends in stock-bond correlation
(Baele et al., 2010; Bekaert and Engstrom, 2010).
A study by Hasseltoft and Burkhardt (2012) on the
US market (1965-2011) suggests that the impact of
inflation uncertainty on stock-bond correlation
largely depends on the joint dynamics of growth and
inflation. The study finds the shift in the cyclical
relationship of inflation with respect to output
from countercyclical to procyclical or vice versa as
a plausible explanation for change in the sign of
stock bond correlation. For India, a countercyclical
relationship between inflation and output (Apergis,
1996; Gupta, 2019)? may point towards a prevalence
of positive stock bond correlation.

In case of India, using daily returns on BSE Sensex
and CCIL broad bond index from April 2004 to August
2023, it is found that a portfolio having allocation to
both stocks and bonds (such as 60 per cent stocks
and 40 per cent bonds / 50 per cent stocks and 50

2 We test whether the relationship continues to be countercyclical for the
recent period. We find a statistically significant contemporaneous negative
correlation between inflation cycle and output gap. The plot is shown in
the Chart Al of the Annex.
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per cent bonds) exhibits better returns than bonds-
only portfolios while exhibiting lower drawdowns?
compared to a stocks-only portfolio (Chart 1). During
the Global Financial Crisis (GFC) and Covid-19 period,
returns on BSE Sensex exhibited declines of around
60 per cent and 38 per cent respectively, which were
steeper compared to a portfolio consisting of both
stocks and bonds in a 60/40 and 50/50 split.

Stock-bond correlation plays an important role
in portfolio performance. A negative stock-bond
correlation implies that stocks and bonds act as natural
hedge to each other resulting in higher risk adjusted
returns. A positive stock-bond correlation may not
provide any hedging benefits and hence give lower
risk adjusted returns. The valuation of the portfolio
is likely to decrease because investors would require a
higher forward expected return to offset the increased
cross-asset risk they would be assuming. Simulations
that stock-bond
increases the Sharpe ratio, or the risk adjusted returns

confirm negative correlation
for a portfolio consisting of stocks and bonds while
reducing the level of volatility. For instance, starting
with a 60/40 portfolio and assuming a stock-bond
correlation of (-) 0.3, the Sharpe ratio is 1.17 while the
portfolio volatility is 7 per cent. However, if the stock-
bond correlation was to rise to 0.3, the Sharpe ratio
falls to 0.97 while portfolio volatility climbs to & per

cent (Chart 2).

The empirical evidence on the association of
stock-bond correlation with the macroeconomic
regimes is relatively scarce in emerging markets.
Accordingly, this study endeavours to add evidence
from the Indian market to the existing empirical

literature on the role of macroeconomic regimes in

3 Drawdown is calculated by taking the difference between the peak
value (the highest point before a decline) and the trough value (the
lowest point during the decline), and then expressing that difference as a
percentage of the peak value.
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Chart 1: Historical Performance of Stocks and Bonds
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Note: i) Drawdown refers to how much a portfolio is down from the peak before it recovers back to the peak.
ii) For our analysis, an assumption of 60/40 split and 50/50 split between stocks and bonds is used. These are used only as representative allocations, and should
not be construed as optimal combination of stocks and bonds for an investor. Both the 60/40 and 50/50 portfolios assume daily rebalancing,
iii) We use total return series for Sensex and CCIL Broad Bond index.
Source: Bloomberg; and Authors’ calculations.
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influencing the dynamics of stock-bond correlations.  growth regimes are associated with positive stock-
Results indicate that moderate inflation and high  bond correlation. The rest of the paper is structured

Chart 2: Stock-Bond Portfolio Performance
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Source: Authors’ calculations.
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as follows. Section II presents a literature survey of
research studies in this area. Section III discusses the
data and the models followed by Section IV which
analyses the key findings. Finally, section V concludes
the study.

I Survey of Literature

Initial studies investigating the stock-bond return
correlation asserted that the relationship is time
invariant and positive over time. The work of Shiller
and Beltratti (1992), Campbell and Ammer (1993) and
Fleming et al., (1998) are among the seminal work that
investigated the relationship between the two asset
classes. The positive correlation was attributed to the
presence of a common discount factor (Shiller and
Beltratti, 1992; Campbell and Ammer, 1993). However,
it has been argued that this model is oversimplified in
terms of the constraining assumption of a common
discount factor and ignores the differences in
associated relative risk of the two asset classes (Chiang
et al, 2015). Subsequent studies revealed the time-
varying correlation between stock and bond returns
and examined the critical factors that influence the
relationship. The large variation and particularly the
negative spells in the correlation have been attributed
to factors such as the flight to safety episodes inducing
investors to dump equities in favour of bonds (Baur
and Lucey, 2009) and illiquidity (Baele et al., 2010).

Macroeconomic stability, which is characterised
by factors such as inflation, inflation expectations
and economic growth can influence correlation
between the returns of the two assets. According to Li
(2002), who examines the impact of macroeconomic
factors on the stock-bond correlation in G-7 countries,
shows that uncertainty about inflation expectations
predominantly determine the trend in stock-bond
correlation. Dimic et al., (2016) highlight that over
short horizons, monetary policy stance is the most
important factor while over longer horizons inflation
and stock market uncertainty are important. In a
similar vein, Hasseltoft and Burkhardt (2012) link the
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sign switches in the correlation to the joint dynamics
of inflation and output and find that inflation
uncertainty had a uniform negative impact on stock
prices throughout the period of study but the impact
on nominal bond prices switched from negative
to positive around 2000. This resulted in inflation
uncertainty predicting positive stock-bond correlation
in pre-2000 period and negative correlation post-2000.
The authors argue that the negative or positive impact
of inflation uncertainty on bond prices is determined
by the correlation of inflation with real growth.
The paper estimated a regime-switching model and
concluded that negative correlation between the
stock-bond returns in the early 2000s in the US can
be attributed to the shift in the cyclical nature of the
inflation from long-lived countercyclical to procyclical.
Baele and Van Holle (2017) report that apart from
cyclicality of inflation, monetary policy stance also
helps in understanding the dynamics of stock-bond
correlations. However, in this research work we
restrict ourselves only to macroeconomics regimes for
exploring the correlation dynamics between stock and

bonds.
I11. Data and Methodology

In this study, for stocks, returns are calculated
using the daily BSE Sensex total return index.
The CCIL Broad and CCIL Liquid indices serve as
benchmark indices for the bond markets, allowing for
the evaluation of bond market performance. For this
study, we employ CCIL Broad total return index (TRI)
which tracks the performance of top twenty traded
bonds and provides the daily change due to both price
movements as well as accrued coupons. While the
Sensex total return data is available from 2003*, the
CCIL bond index is available from 2004. Accordingly,
the study used the monthly data from April 2004 to
August 2023. Both indices are sourced from Bloomberg.

4 While the Sensex data is available from 1978-79, the index shifted to a
free-float methodology in January 2003.
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The study employs monthly data, the highest
frequency at which key macroeconomic variables
such as consumer price index (CPI) and the index of
industrial production (IIP) are available. Due to base
year revisions, splicing method is used to generate a
consistent series for CPI and IIP. Macroeconomic data
are extracted from the Reserve Bank of India's (RBI)
database on Indian economy (DBIE) and Ministry of
Statistics and Program Implementation (MoSPI).

II.1 Measuring Stock-Bond Correlations

For modelling covariances, several GARCH-based
methodologies exist like the constant conditional
correlation model (Bollerslev, 1990), the BEKK model
(Engle and Kroner, 1995) and the dynamic conditional
2002). The GARCH
methodology encounters two primary challenges as
highlighted by McMillan and Speightl (2010). The first
is the tractable estimation of parameters. For instance,
a bivariate-GARCH (1,1) model with a full specification
requires twenty-one parameters. The second issue is

correlation model (Engle,

the existence of various GARCH specifications created
to capture various data facets, such as asymmetric and
long-memory effects. These two challenges together
imply that no single GARCH specification is superior,
and different GARCH specifications may yield varying
results. Taking cognizance of this and the relatively
small sample in our case, we employ the Risk Metrics
(Longerstaey and Spencer, 1996) approach which is
based on the Exponentially Weighted Moving Average

> Several other methodologies like DCC (Dynamic Conditional
Correlation) and DCC MIDAS (Dynamic Conditional Correlation-Mixed
Data Sampling) are employed in the literature for modelling time varying
correlation/co-movement. DCC has the flexibility of univariate GARCH
model coupled with parsimonious parametric model for correlation (Engel,
2001). The DCC-MIDAS is an extension of DCC that incorporated mixed
frequency data. The mixed data sampling allows researchers to model
the correlation dynamics between high frequency (e.g. daily) and low
frequency (e.g.. monthly, or quarterly). We experimented with the DCC
and DCC-MIDAS methodologies but faced non-convergence in estimation
for a few specifications. Further, they present model selection issues
such as the appropriate asymmetric term in univariate GARCH models or
the appropriate error distribution. Additionally, for DCC-MIDAS models,
Colacito et al,, (2011) find that very long lags of estimated correlations are
required to reliably estimate the long run component of correlation.
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(EWMA) of variance/covariance estimator®. Further,
it can be shown that EWMA is just a special case
of a GARCH (1,1) model (Dowd, 2007). The EWMA
covariance model defines the conditional covariance
matrix ;1 as:

21 = A =D — ) — )’ + A%, (1)

where 73 are sample returns, u is the mean of sample
returns and 2 is the decay parameter. We use A equal
to 0.97 as suggested by RiskMetrics (Longerstaey and
Spencer, 1996) for calculating monthly volatility.

Then using the conditional covariance matrix, we

can easily back out the correlations I, as

.. ij
ij _ _Ef
L= iy ..(2)
t“t

where E;'] is the covariance between returns on assets
iand jand Z;" is the variance of i* asset.

The EWMA correlation between BSE Sensex
total return index and CCIL broad total return
index has varied from a high of 0.42 in June 2008
to a low of (-) 0.22 during November 2008 with an
overall average of around 0.06 (Chart 3). The spells
of negative correlation were relatively short lived as

Chart 3: Correlation between Stocks and
Bonds in India
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Sources: Bloomberg; and Authors’ calculations.
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compared to the episodes of positive correlation. This
contrasts with evidence from developed economies —
for instance, Baele and Van Holle (2017) for a sample
of ten developed economies find extended spells of
negative stock-bond correlation post- 2000. In India,
the correlation turned sharply negative from a high
positive value during the GFC due to the flight to
safety where funds may have moved out of equity
into low-risk bonds. Amid tightening of global and
domestic monetary policy in 2022, the correlation
has started to trend upwards following a period of
low negative correlation since 2019 and during the
pandemic.

II1.2 Regime Identification

This study aims to relate stock-bond correlations
with various macroeconomic regimes. This section
outlines the methodology to estimate those regimes.
First, we fit univariate regime switching models to
inflation and output gap. The output gap is estimated
from the observed IIP series using the Christiano-
Fitzgerald (CF) filter (2003). The CF filter is a band pass
filter, which retains the components of the time series
with periodic fluctuations between specified time
horizon while suppressing components at higher and
lower frequencies. We use 18 and 96 months as the
low and high frequency parameters while estimating
the cyclical component from the monthly IIP series.
We model a random series x, with x' being either
output gap or inflation, using a regime switching in
mean model:

Xt = Us, T & & ~N(O, a3) ..(3)

where Uy s, represents the regime dependent mean of
x,. The parameter depends on the variable S, which
follows a first order Markov-Chain with two regimes
with transition probabilities:

P(S;=i|Se1=j) =Py ..(4)
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Table 1: Univariate Regime Switching Model
Estimates for Inflation and Output Gap

Inflation Output Gap
Hq 5.0Q%*% 2.3Q%*%
(0.13) (0.31)
#2 962*** _4‘53***
(0.24) (0.35)
o? 2,32k 6.93%%*
(0.24) (0.58)
P1 0.9Q*%:* 0.98**3%
(0.00) (0.01)
PZ 0.98*¥:* 0.97%**
(0.01) (0.01)

Note: i) The table reports the estimates from a 2-state regime switching

model for Inflation and Output gap as in (3). We allow for
regime switches in the mean only. The estimated parameter and
corresponding quasi-ML standard errors are in parentheses.
ii) P, is the probability of the model in state i to stay in state i.
iii) Significance levels: *p<0.1; **p<0.05; ***p<0.01.
Source: Authors’ estimates.

where i and j are two different regimes.
IV. Results®

The results from univariate regime switching
model on inflation and output gap are presented in
Table 1. For inflation, we identify two regimes with
moderate (5.09 per cent) and high (9.62 per cent)
inflation. On the other hand, for the output gap we
identify expansion (2.39 per cent) and contractionary
regimes ((-) 4.53 per cent). Inflation rate is found to
be less volatile compared to output gap. Chart 4a &
4b plot the identified regimes with the corresponding
macroeconomic variable. For inflation, the period
between February 2008 till February 2014 is identified
as a high inflation period. While for our estimated
output gap, three periods each of expansion and

contraction are identified. The sharp contraction

6 All estimations and regressions have been carried out using
‘statsmodels’ package (Seabold and Perktold, 2010) in Python.
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Chart 4: Estimated Macroeconomic Regimes
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Source: RBI; and Authors’ calculations.

and reversal during the Covid-19 pandemic features
prominently in our estimated regimes.

To test whether the stock-bond correlation is
systematically different across various macroeconomic
regimes, the following model is estimated.

Psbt = Zi’czo Vi Diz,t + Eszb,i,t ...(5)

where Pspt is the Fisher-transformed’ correlation
between stock and bond returns. D is a dummy
variable which is one when macro variable 'z’ is in
statei = 1,2,...,N.

Using univariate regimes, results indicate the
presence of comparatively higher and positive stock-
bond correlation during moderate inflation regimes
and high growth/expansionary regimes. However,
the fit of these univariate models is found to be low.
To account for both inflation and growth dynamics

simultaneously, column (c) presents the result
of a model including all possible interactions® of
identified univariate regimes for inflation and output
gap. Current inflation plays an important role in
forming future expectations about inflation. Low and
moderate level of current inflation keeps long term
inflation expectations anchored leading to lower term
premia which boosts valuation of bonds and hence
higher returns on bonds. On the other hand, output
expansion can improve the outlook on corporate
earnings and hence may lead to a rally in stocks.
Therefore, a combination of moderate inflation-
output expansion is expected to exhibit positive
stock-bond correlation. Moderate inflation and output
expansion are found to be associated with higher and
positive stock-bond correlation (Table 2). Additionally,
the model with interaction terms is found to have
higher adjusted R? and lower predictive error.

7 We calculate the Fisher transformed correlation (Fisher, 1915) Psbt at
time t such as pgpr = 0.5 *In (1 + p&™e/1 — p&™®) with the pSy™®
being the corresponding correlations calculated using the EWMA model.

This transforms the range from (-1,1) to (-e, ).
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8 This uses interaction terms of different univariate regime. For example,
moderate inflation — expansionary regime will use the product of moderate
inflation and high growth dummies.
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Table 2: Stock-Bond Correlation and
Macroeconomic Regimes

Inflation Output gap | Inflation-Output
Regimes (a) | Regimes (b) gap Regimes
interaction (c)

Moderate Inflation 8.04***

(3.08)
High Inflation 0.93

(2.40)
Expansionary 7.16%*

3.17)
Contractionary 3.73
(3.08)

Moderate Inflation- 10.41%**
Expansionary (3.02)
Moderate Inflation- 4.45
Contractionary (4.15)
High Inflation- 0.14
Expansionary (3.26)
High Inflation- 2.21
Contractionary (2.60)
Adjusted R? (%) 10.1 23 15.3
MAD 7.38 8.52 7.37
Hit ratio (%) 62.9 62.9 62.9

Note: i) This table reports the estimated parameters of the regression
of the (Fisher-transformed) stock-bond correlations (estimated
using the EWMA model) as per (5).

ii) The parameter estimates capture the average stock-bond
correlations across the different macroeconomic regimes. We
use Newey-West standard errors (24 lags) to correct for the
substantial serial correlation in the dependent variable.

iii) MAD is the Mean Absolute Difference computed between the
fitted and empirically observed correlations (from the EWMA
model). Hit ratio (%) represents the % of observations where the
fitted and observed correlations share the same sign.

iv) The columns (a)-(c) show regression results using regime
dummies for inflation, output gap and interaction dummies
between inflation and output gap regimes, respectively.

v) Significance levels: *p<0.1; **p<0.05; ***p<0.01

Source: Authors’ estimates.

V. Conclusion

Modern

optimisation aims to maximise overall returns within

portfolio  theory and portfolio
an acceptable level of risk. Analysing asset correlations
play an important role in achieving this objective.
Negatively correlated assets act as a hedge against each
other and protect the overall portfolio from extensive
drawdowns during periods of high volatility. An
analysis of stock-bond correlation can thus play an
important role in asset allocation decisions as these
are two of the most important asset classes. This
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study investigates how different macroeconomic
regimes interact with stock-bond correlations in India.
It is observed that spells of negative correlation are
relatively ephemeral in India compared to episodes
of positive correlation. Sentiments of risk aversion in
financial markets can switch correlation from positive
to negative. A moderate inflationary environment
contiguous with expansion in output is associated
with positive stock-bond correlation.
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Annex 1

Chart A1 plots the inflation cycle with output gap in India from April 2004 to August 2023. The cyclical component of
both the series are obtained using the Christiano-Fitzgerald filter. The contemporaneous correlation between inflation
cycle and output gap is found to be (-) 0.49 for the entire sample period.

Chart Al: Countercyclicality of Inflation Cycle with Output Gap
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