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The Impact of Oil Price Shocks on the Stock Market Return
and Volatility Relationship

1. Introduction

A considerable volume of work has emerged examining the connections between
oil price shocks and stock returns and between oil price shocks and stock market
volatility. Early papers finding a negative relationship between oil prices and stock
market returns include Jones and Kaul (1996), for Canada and the U.S., Sadorsky (1999)
for the U.S., and Papapetrou (2001) for Greece. Nandha and Faff (2008) report a negative
connection between oil prices and global industry indices, Chen (2010) establishes that
an increase in oil prices leads to a higher probability of a declining S&P index, and Miller
and Ratti (2009) find that stock market indices in 6 OECD countries respond negatively
to increases in the oil price in the long run, particularly before 2000.* In an important
contribution, Kilian and Park (2009) emphasize that in analyzing the influence of oil
prices on the stock market it is essential to identify the underlying source of the oil price
shocks. Kilian and Park (2009) show that oil price increases driven by aggregate demand
cause U.S. stock markets to rise and that those driven by oil-market specific demand
shocks cause stock markets to fall.?

With regard to the effect of oil price shocks on stock market volatility, Malik and

Ewing (2009) find evidence of significant transmission of volatility between oil and some

! A negative effect of positive oil price shocks on stock market return has been confirmed by a number of
authors for oil importing countries. Jimenez-Rodriguez and Sanchez (2005) argue that the negative effects
for oil importing countries are reinforced because of intensive trade connections. Arouri and Rault (2011)
find that large oil price changes have a positive impact on stock returns in oil-exporting countries.

2 Hamilton (2009) argues that oil price shocks in recent years are mainly due to growth in developing
markets and not associated with the negative consequences of supply-side disruption. Filis et al. (2011) find
oil price increases occasioned by demand-side influence have a positive impact on stock market returns.
Apergis and Miller (2009) find small effects of structural oil price shocks on stock market returns in a
number of developed countries, whereas Abhyankar et al. (2013) argue that the effects are significant in
Japan.



sectors in the US stock market, Vo (2011) shows that there is inter-market dependence in
volatility between U.S. stock and oil markets, and Arouri et al. (2012) report that there is
volatility transmission from oil to European stock markets. Degiannakis et al. (2014)
show that a rise in price of oil associated with increased aggregate demand significantly
raises stock market volatility in Europe, and that supply-side shocks and oil specific
demand shocks do not affect volatility.

The objective in this paper is to investigate how structural oil price shocks drive
the contemporaneous stock market return and volatility relationship. In recent years there
has been considerable volatility in the U.S. stock market and dramatic fluctuation in the
global price for crude oil. The relationship between stock market return and volatility is
of central importance in finance. Under the capital asset pricing model of Merton (1980),
return and volatility of the aggregate stock market portfolio are positively related,
although empricial confirmation of the nature of relationship has been controversial.®
Bollerslev and Zhou (2006) put much of the diversity of findings about the stock market
return and volatility relationship down to different methods of measuring volatility. The
measures of volatility used in empirical examination of the links between stock return
and volatility have included realized-volatility, based on using high frequency data to
compute measures of volatility at a lower frequency, conditional-volatility, recovered

from a stochastic volatility model, and implied-volatility, deduced from options prices.

¥ Although the asset pricing model suggests a positive and proportional relationship between excess return
and market volatility, empirical results have varied. For example, French et al. (1987) find that U.S. stock
market returns and the conditional variance are significantly positively correlated. Theodossiou and Lee
(1995) and Lee et al. (2001) show there is a positive relationship between stock market returns and the
conditional variance in the international markets. Ghysels et al. (2005) find a significant positive relation
between risk and return in the stock market using a mixed data sampling approach to measure volatility. In
contrast, Glosten et al. (1993) and Hibbert et al. (2008) report a significantly negative relationship between
expected returns and the conditional variance in the U.S. stock market. Li et al. (2005) analyze 12 largest
international stock markets and show a significant negative contemporaneous relationship between stock
market returns and stock market volatility.



In this paper we will construct from daily data of return and volatility the
covariance of return and volatility at monthly frequency. The measures of daily volatility
are realized-volatility at high frequency (normalized squared return), conditional-
volatility recovered from a stochastic volatility model, and implied-volatility deduced
from options prices. The latter variable provides a forward looking measure of the
contemporaneous stock market return and volatility relationship.

It is found that a positive shock to aggregate demand is associated with negative
effects on the covariances of return and volatility with the statistical significance of the
effect extending for a longer period for implied-covariance. Positive shocks to oil-market
specific demand have a statistically significant negative effect on the return and volatility
covariance relationships over the first four to five months of the shock. In contrast to the
findings for realized or conditional-covariance, an unanticipated reduction in crude oil
production is associated with a statistically significant increase in implied-covariance of
return and volatility that extends for 24 months. In the long-term, shocks to global oil
supply, innovations in aggregate demand, and oil-market specific demand disturbances
forecast 14.7%, 13.7% and 33% of the variation in the stock market implied-covariance
of return and volatility.

To investigate the changes in the dynamics of oil price shocks and the covariance
in U.S. stock market return and volatility over time, we estimate a structural vector
autoregression (SVAR) model using rolling samples. The fraction of the variation of
implied-covariance of return and volatility explained by oil-market specific demand
shocks increased dramatically in 2008:09 to around 43% and has averaged over 40%

since that time. Global oil production predicts 8.4% of the variance of implied-covariance



of return and volatility over 2005-2006 before rising to an average of 21.3% from March
to September in 2008, and averaging 18.6% over 2011:07-2013:12. This contrasts with
the contribution of global aggregate demand to forecasting the implied-covariance of
return and volatility which is greater over 2005-2006 (about 30.0%) than subsequently
(11.5% over 2011:01-2013:12).

The paper is organized as follows. Section 2 describes the data source. Section 3
presents the stock covariance of return and volatility measures and the structural VAR
model. Section 4 discusses empirical results on the dynamics of global oil price shocks

and stock market. Section 5 concludes.

2. Data Source

In this study stock market variables at monthly frequency will be constructed
from daily data. The stock market return for the U.S. is from daily returns of aggregate
U.S. stock market indices drawn from CRSP that represent a value-weighted market
portfolio including NYSE, AMEX and Nasdaq stocks from January 1973 to December
2013. This high frequency data will then be used to construct measures of covariance of
returns and volatility at monthly frequency in line with construction in the literature of
use of high frequency data to construct measures of implied and conditional-volatility.

The daily implied-volatility data is the Chicago Board of Options Exchange
(CBOE) VIX fear index, available in the CRSP database or at Yahoo finance. For the
analysis of the U.S. stock market’s implied-covariance of return and volatility, the sample

period is given by the availability of the VIX index from January 1990 to December 2013.



This high frequency data is then used to construct a measure of implied-covariance of
returns and volatility at monthly frequency.

The monthly world production of crude oil is a proxy for oil supply. The percent
change in the oil supply is 100 multiplied by the log difference of the world crude oil
production in millions of barrels per day averaged monthly. The real price of oil is the
refiner’s acquisition cost of imported crude oil, from the U.S. Department of Energy, and
deflated by the U.S. CPI, from the Bureau of Labor Statistics. The refiner’s acquisition
cost of imported crude oil is available from January 1974. Following Barsky and Kilian
(2002), we use the U.S. producer price index for oil (DRI code: PW561) and the
composite index for refiner's acquisition cost of imported crude oil to extend the oil price
data back to January 1973.

Global economic activity is given by Kilian’s (2009) real aggregate demand
index.* This index is based on equal-weighted dry cargo freight rates. A rise in the index
indicates higher demand for shipping services driven by increased global economic
activity. An advantage of the measure is that it is global and it reflects activity in

developing and emerging economies.

3. Methodology
3.1. Covariance Specifications

We construct from daily data measures of the covariance between return and
volatility that will be at monthly frequency. The measures of covariance of return and
volatility will be for realized-covariance, conditional-covariance, and implied-covariance.

The construction of these covariance variables is inspired by the measure of realized-

* The data are available at http://www-personal.umich.edu/~Ikilian/paperlinks.html.
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volatility based on Merton (1980). Merton (1980) and Andersen and Bollerslev (1998)
sum the higher frequency squared log-returns to generate a lower frequency volatility
measure. We follow a similar procedure to obtain a measure of the covariance of return
and volatility at monthly frequency based on daily data on return and daily data on
volatility (realized, conditional, and implied, in turn).
3.1.1. Daily Volatility

We examine three main volatility estimates in the literature: realized-volatility,
conditional-volatility and implied-volatility (e.g. Engle (2002)). The realized-volatility is
based on Merton’s (1980) methodology that assumes the stock returns are generated by a

diffusion process.” We first compute the ratio of the first difference of daily returns (Ar,)

to the square root of the numer of trading-days intervening JAgoT . The daily stock

. 2
volatility (™"“c”) is the square of the ratio, (ArT/JAgoT) , that denote daily

T

contribution to monthly/annual stock volatility (e.g., Baum et al. (2008)).°

conditional

The daily conditional-volatility ( o) is the conditional variance of daily

returns that is generated by the GARCH(1,1) model.” It is generally used and based on
the notion that investors know the most recently available information when they make
their investment decisions. The conditional-volatility and realized-volatility measures are

both current-looking volatility in the sense that the two measures estimate the stock

® The use of higher frequency stock return data on a monthly basis is valuable to obtain a more powerful
test, since the homoscedastic diffusion process suggests that the evidence of the sample variance is
inversely related to the sample frequency (e.g., Merton, 1980). The low sample variance reflects the
underlying stock return movement rather than extreme draws that mitigates possible estimation inefficiency.
®In the literature the realized stock volatility utilizing higher frequency data to compute measures of
volatility at a lower frequency is assumed to provide more accurate estimates of volatility (e.g., Andersen
and Bollerslev (1998), Ebens (1999)).

" Inference in the model using the GARCH conditional-volatility is complicated by the problem of
generated regressors analyzed by Pagan (1984), in that in a standard regression model the asymptotic
variance of the OLS estimator changes when we replace unobserved regressors by generated regressors.
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market volatility at the current time. Ghysels et al. (2005) forecasts monthly variance
with past daily squared returns (a method referred to as mixed data sampling or MIDAS)
and report that the forecast variance process is highly correlated with both the GARCH
and the rolling windows estimates (French et al., 1987).

The implied-volatility is Chicago Board of Options Exchange (CBOE) volatility
index VIX that is considered an important tool for measuring investors’ sentiment
inferred from option prices.® The forward-looking implied-volatility represents a measure

of the expectation of stock market volatility over the next 30 day period. The one-day

implied-volatility (™%“c") is the difference of daily VIX between z—Z1and r

T

(i.e., o, ,—o,) in order to keep the daily return and volatility over the identical time

horizon (e.g., Connolly et al. (2005), Bollerslev and Zhou (2006)).
3.1.2. Monthly Covariance of Return and Volatility

The monthly return and volatility covariance (cov,,) is the mean of the product of
daily return (r") and volatility (¢*) minus the product of the mean of daily return (r")
and the mean of daily volatility (¢) within a month:

PRl

covy (r?, *of) = E, [ (1! —E, (t))(“o? —E, (‘%)) ], (1)

8 VIX is a measure of expected volatility over the next 30 calendar days (22 calendar days) in the S&P 500
based on prices of options to buy or sell stocks, and thus is forward looking. VIX captures both uncertainty
about the fundamental values of assets and uncertainty about the behavior of other investors. The
computation of VIX takes into account advances in financial theory. Kanas (2012) provides a detailed
description of the index. Blair et al. (2001) note that implied volatilities may contain misspecification
problems. However, Fleming et al. (1995) argue that indices of implied volatilities alleviate these
measurement errors.



where k = realized, conditional, implied, and E,_ denotes the expection within a month.

Thus E,_ (“c?) is the monthly mean of the daily volatility and E_(r") is the monthly

mean of the daily returns.

The monthly stock volatility may be given by variance or standard deviation.
Degiannakis et al. (2014) and many other authors favour standard deviation as indicator
of volatility, and define monthly stock volatility as the square root of the sum of the daily

volatility contributions:
voli(“ol)=4>." *o¥ , k= realized, conditional, implied. (2)

The covariance of return and volatility and of stock return volatility, defined in
equations (1) and (2), for k = realized, conditional and implied, are reported in Figures 1
and 2, respectively. Realized-covariance shows more extreme values than the
corresponding conditional and implied measures, and realized-covariance also includes
many negative values. Values for realized and implied measures of cov are highest
immediately after the global financial crisis, with peak months being October and
November 2008. The implication is that return for given volatility is highest during these
months. Following the global financial crisis, local peaks in realized and implied
measures of cov® occur in May 2010, when world stock markets fell sharply during a
flare up of the Eurozone crisis, and in August 2011, a month during which Standard and
Poor downgraded U.S. sovereign debt and the U.S. and other global stock markets
crashed. The peak value for conditional measure of the covariance of return and volatility,

coverter His during October 1987, a month that includes ‘Black Monday’, October 19,

1987, when the DJIA dropped by over 22%.



3.2. Structural VAR model

We utilize a structural vector autoregression (SVAR) model to examine the
effects of oil price shocks identified and differentiated according to their supply and
demand-side sources and their relation to the U.S. stock market return, volatility and
covariance respectively. Oil price shocks can affect stock price return and volatility by
effects on expected corporate cash flow and on the discount rate applied to future
earnings (through expected inflation and expected real interest rate).

The structural vector autoregression model of order j is in the following:

ByX, =Co+ . B X, +&, 3)
where X, is a 4 x1 vector of endogenous variables, B, denotes a 4 x4 contemporaneous
coefficient matrix, c, represents a 4 x1 vector of constant terms, B; refers to the 4 x4
autoregressive coefficient matrices, and &, stands for a 4x1 vector of structural
disturbances. The block of the endogenous variables X, includes the percent change in
world oil production (Aprod,), global real aggregate demand (rea,), and the real price of

oil (rpo,). Kilian (2009) notes that this block captures the supply and demand conditions

in the world oil market and attributes the fluctuation of oil prices to oil supply-side
shocks, shocks to the aggregate demand and the oil-market specific demand shocks. The
second block includes the U.S. stock market real return, volatility or covariance.

To construct the structural VAR representation (3), we first need to consistently
estimate its reduced-form using the least-squares method. The reduced-form VAR model

is obtained by multiplying both sides of Equation (3) with B,* which is postulated to
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have a recursive structure such that the reduced form errors e, are linear combinations of
the structural errors &, in the following:

etAprod b11 0 O 0 a[Aprod

e B etrea B b21 b22 0 0 gtrea (4)
t mo | o |’
e’ by by by O &"
etc * b, b, by b, 5100\/

Aprod rea rpo

where &, reflects oil supply shocks, &, captures aggregate demand shocks, &,

denotes oil market-specific demand shocks, and & is the return and volatility

covariance shocks.

Following Kilian (2009) we take j =24, because the long lag of 24 allows for a

potentially long delay in the shock effects of oil prices and for a sufficient number of lags
to remove serial correlation.® The previous literature has shown that long lags are
important in structural models of the world oil market to account for the low frequency
co-movement between the real price of oil and global economic activity. Hamilton and
Herrera (2004) argue that a lag length of 24 months is sufficient to capture the dynamics
in the data in modeling business cycles in commodity markets. Ciner (2013) also
emphasizes importance of the use of long lags in that oil price shocks that persist more
(less) than a year have a positive (negative) impact on stock returns.

The exclusion restrictions on B, in the structural VAR model are based on the
assumption in Kilian and Park (2009). The supply of crude oil is inelastic in the short run,
in the sense that the oil supply does not respond to contemporaneous changes in oil

demand within a given month because of the high adjustment cost of oil production. The

® Sims (1998) and Sims et al. (1990) argue that even a variable that displays no inertia does not necessarily
show absence of long lags in regressions on other variables.
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fluctuation of real prices of oil does not lower global real economic activity within a
given month because of slow global real reaction. In line with the standard approach of
treating innovations to the price of oil as pretetermined with respect to the economy (e.g.,
Lee and Ni (2002)), we rule out instananeous responses from shocks to oil prices in the
world oil market to the U.S. stock market. A recent study by Kilian and Vega (2011)
finds that there is no significant evidence of feedback within a given month from U.S.
aggregates to the price of crude oil.

Notice that in Equation (4) e, [ N(0,Z) in the reduced-form VAR model and the

partial correlation coefficients quantify the contemporaneous correlation between two
components of the error terms, p, =—c" /4/6"5", where o denotes the elements of the

precision matrix X', and are given by:

rea rpo cov
Aprod 0.049 0.050 0.089
(0.53) (0.45) (0.93)

rea 0.147 -0.220 |- )
(1.46) (2.20)
rpo -0.250
(2.11) |

The values in the parenthesis of the matrix in (5) are absolute t-statistic to the
standard error generated by recursive-design wild bootstrap with 2,000 replications
proposed by Gongalves and Kilian (2004). The covariance refers to implied-covariance.
When realized/conditional-covariance is used, we obtain similar results. This provides us
with supporting evidence on the exclusion restrictions (shocks to oil prices predetermined
to the economy), because the contemporaneous correlation between oil price shocks and

stock market return and volatility covariance is small and statistically insignificant within
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a given month.'® As a consequence, the exclusion restrictions on B, in the structural

VAR model are appropriate.

The stationarity of the variables in the model is investigated by conducting
Augmented Dicky-Fuller (ADF), Phillips-Perron (PP) and Kwiatkowski-Phillips-
Schmidt-Shin (KPSS) tests for each of the series, the first difference of the natural
logarithm of oil production, aggregate demand, real oil price, and stock market return and
volatility covariance. Table 1 shows that we can reject the null hypothesis, based on the

ADF, PP and KPSS tests, that Aprod,, rea, and cov, contain a unit root at the 1%
significant level. We also find that the three tests suggest that real price of oil (rpo,)

contains a unit root. The nonstationarity of real oil prices may lead to a loss of asymptotic
efficiency as reflected in wider error bands in the estimation. However, taking the first
difference may result in removal of the slow moving component in the series, and
incorrectly differencing can cause the estimates to be inconsistent given the nature of
standard unit root tests (e.g., Kilian and Murphy (2014)). Since the estimated impulse
response is robust even if the stationary assumption is violated, we use the level of the

real price of oil in common with prior oil literature (e.g., Kilian and Park (2009)).

4. Empirical Results
4.1. Impulse Responses to Oil Market Structural Shocks

We report the impulse response functions (IRFs) of the covariance of stock return
and volatility and of volatility over 24 months to one-standard deviation structural oil

market shocks (global oil production, global real economic activity and real price of oil).

19 s\wanson and Granger (1997) suggest using the value of partial correlation coefficients to determine the
variable ordering and relevant t-statistics for identifying restriction on the VAR models.
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One-standard error and two-standard error bands, indicated by dashed and dotted lines,
respectively, are computed by conducting recursive-design wild bootrap with 2,000
replications proposed by Gongalves and Kilian (2004). The analysis of the IRFs presents
the short-run dynamic response of dependent variables (i.e., vertical axis labels) to the
structural shocks.

4.1.1. Responses of Covariance of Return and Volatility

The cumulative impulse responses to the structural oil market shocks for the
covariance of stock return and realized-volatility (realized-covariance) are shown in
Figure 3A, for the covariance of stock return and conditional-volatility (conditional-
covariance) are shown in Figure 3B, and for the covariance of stock return and implied-
volatility (implied-covariance) are shown in Figure 3C. In each Figure the responses are
first to shocks to a reduction in global oil production, second to a positive innovation in
global real economic activity, and third to a positive shock to the real price of oil.

A positive shock to global aggregate demand is associated with negative effects
on the covariances of return and volatility in Figures 3A, 3B and 3C. The negative effect
is statistically significant in the 4™ month for realized-covariance, in the 1%, 4™ and 5"
months for conditional-covariance, and in the 4" 5" 6" and 10" and 11" months for
implied-covariance. Positive shocks to oil-market specific demand have a statistically
significant negative effect on the return and volatility covariance relationships in Figures
3A, 3B and 3C over the first four to five months of the shock, with the largest impact
being achieved in the 3" month.

In Figures 3A and 3B, unanticipated disruptions of crude oil supply do not have a

statistically significantly effect on realized or conditional-covariance. In contrast, in
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Figure 3C, an unanticipated reduction in crude oil production is associated with a
statistically significant increase in implied-covariance of return and volatility, with the
effect building up over several months, before starting to futher rise between the 13" and
24™ months. Our findings suggest that the forward-looking implied-volatility may
provide additional information compared to the current-looking conditional- and realized-
measures as prior studies have concluded (e.g., Andersen et al. (2005)).
4.1.2. Responses of Volatility

We now briefly examine the effect of oil supply and demand side shocks on U.S.
stock market volatility. In the equation (3), stock market volatility is ordered last instead

of covariance. Thus, the block of the endogenous variables X, includes the percent
change in world oil production (Aprod,), global real aggregate demand (rea,), the real

price of oil (rpo,), and stock market return volatility (vol’; k = realized, conditional,

implied). The cumulative impulse responses to the structural oil market shocks for
realized-volatility, conditional-volatility, and implied-volatility are shown in Figures 4A,
4B, and 4C, respectively.™

A positive shock to global aggregate demand is associated with negative effects
on volatility in Figures 4A, 4B and 4C. The negative effect is statistically significant
between the 4™ and 12" months for implied-variance. Positive shocks to oil-market
specific demand have a statistically significant negative effect on each of the measures of

volatility over the first three to four months of the shock. This result is slightly different

1 With regard to real stock returns, an unexpected expansion in the global real aggregate demand causes a
significant increase in real stock return from the 1st to the 10th month. Shocks to oil-market specific
demand causes a persistent decrease in stock return after the 8th month. Unanticipated disruptions of oil
supply do not have a significant effect on the real stock return. These results are consistent with the finding
in Kilian and Park (2009) who argue that the impact of oil price shocks on U.S. real stock returns are
predominantly by oil demand side shocks.
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from the finding by Degiannakis et al. (2014) using European stock market data that
show oil-market specific demand have a negative effect on volatility that is only
statistically significant at impact.

In Figures 4A and 4B, unanticipated disruptions of crude oil supply do not have a
statistically significantly effect on realized or conditional-volatility. This result is the
same as the finding by Degiannakis et al. (2014) that realized and conditional-volatility
for European stock market data are not significantly impacted by oil supply surprises. In
Figure 4C, an unanticipated reduction in crude oil production is associated with a
statistically significant increase in implied-volatility over 5™ to 9" and 18" to 24™ months.
This latter result contrasts with that by Degiannakis et al. (2014) (for implied-volatility
for European stock market data) who find that oil supply distruptions are associated with
increases in implied-volatility for only the first two months and these effects are not
statistically significant.*?

4.2. Variance Decompositions and Spillovers of Return/Volatility Relationship

We now examine the forecast error variance decomposition (FEVD) showing the
percent contribution of structural shocks in the crude oil market to the overall variation of
the covariance of stock return and stock return volatility. The FEVDs quantify how
important the three structural oil price shocks have been on average for the return and
volatility covariance in the stock market. In addition, to provide greater understanding of
interdependence of the oil market and the stock market, we follow Diebold and Yilmaz
(2009, 2013) and report the spillover from the variance decomposition associated with

the variables in the SVAR model in equation (3).

12 The data period for Degiannakis et al. (2014) also differs from that in this study. The data in Degiannakis
et al. (2014) are for Eurostoxx 50 index from January 1999-December 2010.
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4.2.1. Variance Decompositions

In Table 2, panels Al, B1 and C1 report FEVD results for realized, conditional
and implied-covariances, respectively. The values in parentheses in Table 2 represent the
absolute t-statistics when coefficients' standard errors were generated using a recursive-
design wild bootstrap. Shocks to crude oil production explain a statistically significant
14.7% of the variation in the implied-covariance of return and volatility at the 60 month
horizon. Shocks to crude oil supply do not explain a statistically significantly amount of
variation in realized or conditional-covariance. In the first few months the effects of
aggregate demand shocks on the covariances of return and volatlity are negligible and not
statistically significant. Over time the explanatory power of aggregate demand shocks on
the covariances of return and volatility increase in size and statistical significance. At the
60 month horizon, aggregate demand shock explains 9.2% of realized-covariance, 7.9%
of conditional-covariance and 13.7% of implied-covariance of return and volatility.

Oil-market specific demand shocks explain a statistically significant 28.1% of
variation in realized-covariance, a marginally statistically significant 10.2% of
conditional-covariance at the 60 month horizon, and a statistically significant 33% of the
variation in the implied-covariance of return and volatility. Overall, the largest percent
contribution of structural shocks in the crude oil market to covariance of stock return and
stock return volatility are when volatility is based on implied-volatility. Over a 60-month
period shocks to oil supply disruptions, shocks to aggregate demand, and oil-market
specific demand disturbances explain statistically significant 14.7%, 13.7%, and 33% of
the variation in the implied-covariance of return and volatility, respectively, (in Panel C1

of Table 2).
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4.2.2. Spillover of Oil Market and the Stock Market

In Panel A2 (B2 and C2) of Table 2, the off-diagonal elements give the 24-step
ahead forecast error variance of a variable coming from shocks arising in the other
variable using realized (conditional and implied) covariance. The value 1/4 x sum of
off-diagonal elements provides us with the spillover index measuring the degree of
connectedness for the oil market and the stock market. The spillover index 0.256 (0.207
and 0.359) for realized-covariance (conditional-covariance and implied-covariance) is
highly statistically significant and reinforces the finding that oil price shocks and the
connection between stock market return and volatility are interrelated.

4.3. Variance Decompositions of Stock Return Volatility

Table 3 reports the contributions of structural oil shocks to the variation of stock
return volatility. In Table 3 shocks to crude oil production and to aggregate demand do
not explain a statistically significantly amount of variation in realized or conditional-
volatility. Shocks to crude oil production explain a statistically significant 12.4% of the
variation in the implied-volatility of return at the 60 month horizon. At the 60 month
horizon, aggregate demand shocks explain a statistically significant 12.9% of implied-
volatility.

Oil-market specific demand shocks explain statistically significant fractions of the
variation in all three measures of stock return volatility at the 12 month, 24 month and 60
month horizons. At the 60 month horizon oil-market specific demand shocks forecast
12.4%, 12.9%, and 20.4% of variation in realized-volatility, conditional-volatility,
implied-volatility of return, respectively. The largest percent contribution of structural

shocks in the crude oil market to volatility of stock return are when volatility is based on
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implied-volatility. Over a 60-month period the structural oil shocks forecast 45.7% of the
variation in implied-volatility, in constrast to 20.8% of the variation in realized-volatility
and 21% of the variation in conditional-volatility.

In Table 3, the spillover index for oil price shocks and the volatility of stock
return is 0.200 (0.200 and 0.305) for realized (conditional and implied) volatility and is
highly statistically significant. Comparison of results in Tables 2 and 3 shows that for
realized and implied-volatility, the spillover between oil price shocks and covariance of
return and volatility is higher than the spillover between oil price shocks and volatility.
4.4. Rolling Sample Analysis

We now examine the effect of the structural oil market shocks on the return and
volatility relationship overtime. In recent years there have been dramatic price
fluctuations in the price for crude oil as well as major fluctuation in the stock market. To
investigate changes in the dynamics of the interaction of the global oil market and U.S.
stock market, we estimate the structural VAR model with 180-month rolling samples
starting in January 2005.™ For each rolling SVAR estimation the spillover index is
obtained.

Figure 5 displays the evolution of the contribution of oil supply and demand side
shocks to the forecast error variance of the implied-covariance of return and volatility
after 24 months, along with the actual time series relative to its baseline forecast. In
Figure 5, the top panel shows the contribution of global oil supply disturbances, the
middle panel the contribution of global aggregate demand, and the bottom panel the

contribution of oil-market specific demand.

3 The time-varying relationship between the covariance of stock return and volatility and oil price
movement could also be examined in terms of changes in the correlations between these variables along the
lines of the time-varying multivariate heteroskedastic framework in Degiannakis et al. (2013).
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Global oil production predicts 14.7% of the variation of implied-covariance of
return and volatility overall (in Table 2), but the forecast amount was 8.4% over 2005-
2006 before rising to an average of 21.3% from March to September in 2008 and
averaging values 18.6% over 2011:07-2013:12. In juxtaposition the contribution of global
aggregate demand to forecasting the implied-covariance of return and volatility is greater
over 2005-2006 (about 30.0%) than subsequently. Over 2011:01-2013:12, global
aggregate demand forecastes 11.5% of the implied-covariance of return and volatility.
The decline in the relative contribution of oil production shocks and the increase over
time in the relative contribution of global aggregate demand shocks to forecasting the
implied-covariance of stock return and volatility seems to occur gradually over 2007, and
thus predates the full onset of the global financial crisis (on 15 September 2008 with
Lehman Brothers filing for bankruptcy).

Change in the ability of oil-market specific demand shocks to forecast the
implied-covariance of stock return and volatility is different from that of the other two
structural oil shocks. There is a sharp increase in fraction of volatility in implied-
covariance of stock return and volatility explained from 17.63% in August 2008 to 43.09%
in September 2008. Following the global financial crisis, oil-market specific demand
shocks (oil price movement not explained by shocks to global oil production and global
aggregate demand) forecast a much larger fraction of implied-covariance of stock return
and volatility than in the years immediately preceeding the global financial crisis. Oil-
market specific demand shocks forecast 14% of variation in implied-covariance of stock

return and volatility before August/September 2008, and 41.6% after these dates.
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5. Robustness Check

We now perform some variations on our basic analysis of the effects of oil shocks
on the covariance of stock return and volatility to check the robustness of results with
respect to the lag length of the structural VAR model, the forecast horizon, and results for
a normalization of the covariance of stock returns with volatility. When the forecast error
variance decomposition is based on the structural VAR model by taking shorter 12 lags
and shorter 12 forecast horizon for the spillover table, results are similar to those already
obtained in Table 2. In particular, the largest percent contribution of structural shocks in
the crude oil market to covariance of stock return and stock return volatility are when
covariance is based on implied-volatility. Over a 60-month period shocks to oil supply
disruptions, shocks to aggregate demand, and oil-market specific demand disturbances
explain statistically significant 7.7%, 15.0%, and 30.6% of the variation in the implied-
covariance of return and volatility, respectively.** Outcomes slightly smaller than those

noted for the model with longer lag lengths in Table 2.
Given the large values occasionally assumed by covX (r?, ") in Figure 1, we

examine the response of the covariance of return and volatility normalized by volatility to
structural oil shocks to determine if similar results hold for a smoother measure of
covariance. Normalized covariance is defined as:

X =covk (rf, *a®) Ivol¥ (*&*), k = realized, conditional, implied, (6)

d k__d

where cov’ (r?, *c®) and vol! (“&*) are given in equations (1) and (2).

!

The ratio of implied-covariance of return and volatility to implied-volatility is

shown in Figure 6. The range of values for A* in Figure 6 is much narrower than that for

14 Results are available upon request.
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either covariance of return and volatility in Figure 1. In Figure 6, the peak value for A is

0.885 in October 2008 and the only negative values of 4 occur in 1990:05 (-0.068) and

1993:03 (-0.007).

The cumulative impulse responses to the structural oil shocks for the normalized
covariance of stock return and implied-volatility is shown in Figure 7. A positive shock
to global aggregate demand is associated with negative effects on the normalized
covariance of return and volatility that are marginally significant over 5 to 10 months.
Positive shocks to oil-market specific demand have a statistically significant negative
effect on normalized covariance in Figure 7 over the first four months of the shock. An
unanticipated reduction in crude oil production is associated with an increase in
normalized covariance that is statistically significant over a number of months. Thus,
impulse response results to structural oil price shocks are similar for normalized

covariance of stock return and volatility and for covariance of stock return and volatility.

6. Conclusion

The study examines the effects of global oil price shocks on the stock market
return and volatility contemporaneous relation using a structural VAR model. We
construct from daily data measures of return and volatility the covariance of return and
volatility at monthly frequency. The measures of daily volatility are realized-volatility at
high frequency (normalized squared return), conditional-volatility recovered from a
stochastic volatility model, and implied-volatility deduced from options prices. It is found
that oil price shocks contain information for forecasting the contemporaneous

relationship between stock return and stock volatility.
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Positive shock to global aggregate demand are associated with negative effects on
the covariances of return and volatility with the statistical significance of the effect
extending for a longer period for implied-covariance. Positive shocks to oil-market
specific demand have a statistically significant negative effect on the return and volatility
covariance relationships for several months. An unanticipated reduction in crude oil
production is associated with a statistically significant increase implied-covariance of
return and volatility that extends for 24 months. The spillover index between the
structural oil price shocks and covariance of stock return and volatility is highly
statistically significant and is 35.9% for the covariance of return and implied-volatility.

The dynamic contributions of oil supply and demand side shocks to the
covariance of stock return and volatility is calculated from a rolling SVAR model. Global
oil production predicts 8.4% of the variance of implied-covariance of return and volatility
over 2005-2006 before rising to an average of 21.3% from March to September in 2008
and averaging values 18.6% over 2011:07-2013:12. This contrasts with the contribution
of global aggregate demand to forecasting the implied-covariance of return and volatility
which is greater over 2005-2006 (about 30.0%) than subsequently (11.5% over 2011:01-
2013:12). These changes occur gradually over 2007 and predate the full onset of the
global financial crisis. Oil-market specific demand shocks forecast 14% of variation in
implied-covariance of stock return and volatility before August/September 2008, and
41.6% after these dates.

There is a sharp increase in fraction of volatility in implied-covariance of stock
return and volatility explained by oil-market specific demand shocks from 17.63% in

August 2008 to 43.09% in September 2008. Following the global financial crisis, oil-
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market specific demand shocks forecast a much larger fraction of implied-covariance of
stock return and volatility than in the years immediately preceeding the global financial
crisis. These results might aid investors, researchers, or regulators interested in the

determinants of the joint behavior and risk-return trade-off of stock return and volatility.
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Figure 1: Monthly covariance of stock market return and volatility
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Note: The monthly covariance of stock market return and volatility are constructed from daily data on stock
market return and daily volatility and defined in equation (1). The measures of daily volatility are realized-
volatility at high frequency (normalized squared return), conditional-volatility recovered from a stochastic
volatility model, and implied-volatility deduced from options prices. Realized-covariance and conditional-
covariance are over 1973:01-2013:12 and implied-covariance is over 1990:01-2013:12

Figure 2: Monthly volatility of stock market return
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Note: The monthly variance of stock market return is constructed from daily data on stock market return
and daily volatility and defined in equation (2). The measures of daily volatility are realized-volatility at
high frequency (normalized squared return), conditional-volatility recovered from a stochastic volatility
model, and implied-volatility deduced from options prices. Realized variance and conditional variance are
over 1973:01-2013:12 and implied-variance is over 1990:01-2013:12
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Figure 3A. Cumulative impulse responses of realized-covariance
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Notes: Figure 3A shows cumulative responses of covariance using realized-volatility to structural oil shocks based on
the structural VAR equation (3) in the text.

Figure 3B. Cumulative impulse responses of conditional-covariance
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Notes: Figure 3B shows cumulative responses of covariance using conditional-volatility to structural oil shocks based
on the structural VAR equation (3) in the text.

Figure 3C. Cumulative impulse responses of implied-covariance
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Notes: Figure 3C show cumulative responses of covariance using implied-volatility to structural oil shocks based on the
structural VAR equation (3) in the text.
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Figure 4A. Cumulative impulse responses of realized-volatility
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Notes: Figure 4A shows cumulative responses of realized-volatility to structural oil shocks based on the structural VAR
equation (3) in the text.

Figure 4B. Cumulative impulse responses of conditional-volatility
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Notes: Figure 4B shows cumulative responses of conditional-volatility to structural oil shocks based on the structural
VAR equation (3) in the text.

Figure 4C. Cumulative impulse responses of implied-volatility
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Notes: Figure 4C shows cumulative responses of implied-volatility to structural oil shocks based on the structural VAR
equation (3) in the text.
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