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ABSTRACT

This paper investigates the price volatility interaction between the crude oil and equity markets
in the US using five-minute data over the period 2009 to 2012. Our main findings can be
summarised as follows. First, we find strong evidence to demonstrate that the integration of the
bid-ask spread and trading volume factors leads to a better performance in predicting price
volatility. Second, trading information, such as bid-ask spread, trading volume, and the price
volatility from cross-markets, improves the price volatility predictability for both in-sample
and out-of-sample analyses. Third, the trading strategy based on the predictive regression
model that includes trading information from both markets provides significant utility gains to
mean-variance investors.
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1. Introduction

The relationship between the crude oil and equity markets has been a popular subject in
financial economics. While several studies examine the relationship between oil price returns
and aggregate stock market returns, there is inconclusive evidence of the role of the oil price
on stock returns. Some studies (see, for instance, Driesprong et al., 2008; Park and Ratti, 2008;
and Miller and Ratti, 2009) discover a negative effect of crude oil price returns on stock returns;
while others (see, for instance, Chen et al., 1986; Huang et al., 1996; and Wei, 2003) document
no statistically significant effect. For sectors of the NYSE, a recent study by Narayan and
Sharma (2011) finds mixed evidence in that returns of sectors related to oil, such as transport
and energy, respond positively to oil price changes, while the rest of the sectors’ returns
respond negatively.

Another strand of the literature looks at the cross-market volatility transmission and
finds a significant result between the crude oil price and the US stock market? (see, inter alia,
Agren, 2006; Hammoudeh et al., 2004; Aloui and Jammazi, 2009; Malik and Ewing, 2009;
Arouri et al., 2011a; and Soucek and Todorova , 2013,2014). Agren (2006) employs an
asymmetric BEKK-GARCH model using weekly data on the aggregate markets of the US, UK,
Japan, Norway, and Sweden, and discovers significant interaction in all countries except
Sweden. Hammoudeh et al. (2004) examine the volatility interaction among five S&P oil sector
stock indices and five oil prices from the US market using univariate and multivariate GARCH
models. In the multivariate GARCH model, they find bidirectional interactions between the
return volatility of the oil spot/futures market and oil sector indices. Malik and Ewing (2009)
conclude a significant volatility interaction between oil prices and five US equity sector indices

by utilising a bivariate GARCH model. Arouri et al. (2011a) applied a VAR-GARCH model

2 There are a number of studies that investigate the volatility interaction between the crude oil and equity markets
in the GCC countries (Malik and Hammoundeh, 2007; Arouri et al., 2011b; Awartani and Maghyereh, 2013).
These studies all find a significant volatility interaction.
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to investigate the extent of volatility interaction between the crude oil and equity markets in
Europe and the US at the sector level, and report evidence of a significant volatility interaction.
In Europe, the transmission of volatility is uni-directional from oil markets to stock markets,
but there is bi-directional volatility transmission in the US market. Recently, Soucek and
Todorova (2013, 2014) find a significant spillover effect between the realized volatility of
S&P500 and WTI crude oil futures contracts.

The literature, however, is not immune to limitations and we extend the literature in
several ways. First, although the significant relationship between trading volume, bid-ask
spread, and price volatility has been widely documented by the literature3, the bid-ask spread
and trading volume have not been incorporated in an empirical model consisting of crude oil
and equity market volatility. Our study, therefore, is motivated by this research gap and
presents the first empirical analysis that addresses the relative importance of information on
trading volume and bid-ask spread in testing cross-market volatility interaction between the
crude oil and equity markets. Our contribution is based on an empirical model that consists of
five-minute data on three nearby futures contracts, namely, E-mini S&P500 index futures, E-
mini NASDAQ index futures, and Light Sweet Crude Oil (WTI) futures for the period 2
January 2009 to 31 December 2012. These futures contracts are the most actively-traded equity
index futures and crude oil futures. We find strong evidence that information from the trading

volume and bid-ask spread offers more accurate forecasts of the volatility of both markets.

3 The mixture of distributions hypothesis proposed by Clark (1973) suggests a positive contemporaneous effect
of trading volume on price volatility. Furthermore, the sequential arrival of an information hypothesis introduced
by Copeland (1976), implies that the forecast ability of volatility can be improved by using the knowledge of
lagged trading volume. These hypotheses have been tested in several empirical studies (Morgan, 1976;
Westerfield, 1977; Jones et al., 1994; Wang and Yau, 2000; Cornell, 1981; Foster, 1995; Tauchen and Pitts, 1983;
Najand and Yung, 1991; Rahman et al., 2002; Darrat et al., 2003; and Hussain, 2011). Moreover, the literature
shows that the bid-ask spread positively impacts the price volatility (Wang et al., 1994; Wang and Yau, 2000;
Rahman et al., 2002; Worthington and Higgs, 2009; and Hussain, 2011).
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Second, while most of the previous studies in this field use low-frequency data, such as
monthly data (Aloui and Jammazi, 2009), weekly data (Arouri et al., 2011a; Agren, 2006;
Malik and Ewing, 2009; Awartani and Maghyereh, 2013), or daily data (Hammoudeh et al.,
2004; Malik and Hammoudeh, 2007; Arouri et al., 2011b), we employ intraday data in testing
the volatility interaction between the crude oil and equity markets. Crude oil and equity markets
are heavily traded and studies based on low-frequency data, such as daily, weekly or monthly
data, may fail to capture information contained in intraday price movements. As volatility is a
key input for market risk evaluation and derivatives pricing, intraday volatility modelling and
forecasting is important to market participants who are involved in intraday trading, such as
day traders, high-frequency portfolio managers, and program traders (Wang and Wang, 2010).
In fact, the availability of high-frequency data is considered valuable in measuring, modelling,
and forecasting volatility (Barndorff-Nielsen and Shephard, 2007). Hansen and Lunde (2010)
state that volatility is highly persistent, so that a more accurate measure of current volatility,
which intraday data provide, is valuable for forecasting future volatility. In addition, the
economic value of using intraday data in forecasting volatility has been widely evidenced in
the literature (Sévi, 2014)*. Thus, this paper contributes to the literature that examines the cross-
market volatility transmission between the crude oil and equity markets by using data at five-
minute frequency.

Third, a common feature of previous studies (Agren, 2006; Hammoudeh et al., 2004;
Aloui and Jammazi, 2009; Malik and Ewing, 2009; Arouri et al., 2011a) is that they employ a
GARCH model with different specifications to examine the volatility interaction between the

crude oil price and equity markets. The evidence of the volatility interaction is based simply

4 Using intraday data to forecast the volatility is beneficial for the portfolio choice (Fleming et al., 2003; Bandi et
al., 2008), risk management activities (Giot and Laurent, 2004; Clements et al., 2008), option pricing (Duan,
1995; Heston and Nandi, 2000; Stentoft, 2008; Corsi et al., 2013), and density forecast amelioration (Geman,
2005; Hua and Zhang, 2008; Wong and Lo, 2009; Maheu and McCurdy, 2011). See Sévi (2014) for more
discussion.
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on the sign and the statistical significance of the other market volatility variable’s parameter
from the variance equation. Such significant cross-market volatility is well understood and we
do not test this, rather, we test whether the cross-market volatility interaction can improve
volatility forecasts. The results, thus, are strengthened and more robust in several ways. First,
we construct three specifications of the EGARCH (1,1) model with different levels of trading
information to predict the price volatility of the crude oil and equity markets®. We then compare
the in-sample predictive accuracy among models to assess whether the model that includes the
cross-market trading information is superior to others in predicting the price volatility of the
crude oil and equity markets. Furthermore, we examine the economic significance of cross-
market volatility interaction that has not been done previously. All we understand so far is that
cross-market volatility is statistically significant but nothing is known about how beneficial the
cross-market volatility is for investors. Following Campbell and Thompson (2008), we test
whether the out-of-sample volatility forecasting can provide any utility gains to the mean-
variance investor who allocates her portfolio between a risky asset and a risk-free bill. The
evidence from in-sample analysis illustrates the integration of the bid-ask spread and trading
volume factors from both markets improve the price volatility predicting. In addition, the
improvement for the price volatility forecasting is also found in an out-of-sample analysis.
Finally, we find that the improvement in price volatility forecasting is economically significant
to the investors, as evidenced by the utility gain which, on average, is 12.37% per annum using
a trading strategy based on the best forecasting model instead of a buy-and-hold trading

strategy.

° Model 1 predicts the volatility of the crude oil or equity market based on its own lagged volatility only, while
Model 2 is based on the information on volatility, bid-ask spread and the trading volume in its own-market. Model
3 contains lagged volatility, lagged bid-ask spread and lagged trading volume in its own-market and from the
cross-market.
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The remainder of this paper is organised as follows. The methodology and data are
discussed in section 2. Section 3 discusses the main findings, and the final section provides the

summarized conclusions of this study.

2. Data and methodology

2.1. Data

The sample for this study is based on five-minute data frequency relating to three specific
series, namely, E-mini S&P500 index futures and E-mini NASDAQ index futures that are
traded on the Chicago Mercantile Exchange (CME), and Light Sweet Crude Oil (WTI) futures
traded on the New York Mercantile Exchange (NYMEX). The trading time for WTI futures is
from 6:00 p.m. to 5:15 p.m. of the next day according to New York time, from Sunday to
Friday, with a 45-minute break each day beginning at 5:15 p.m. The trading time for E-mini
S&P500 index futures and E-mini NASDAQ index futures are from 5:00 p.m. to 4:15 p.m. of
the next day from Monday to Friday with a trading halt from 3:15 p.m. to 3:30 p.m. The trading
data of the three contracts, including opening price, closing price, high price, low price, bid
price, ask price, and trading volume, are downloaded from Thomson Reuter Tick History
database for the period 2 January 2009 to 31 December 2012.

The bid-ask spread (BAS) is calculated as BAS = (ASK — BID)/[(ASK + BID) /2]
while the trading volume (TV) is measured as the natural log of trading volume in each 5-
minute interval. Given that the true volatility is unobservable, the empirical results may be
sensitive to the chosen volatility measure. In this paper, the intraday volatility (VO) is

calculated using three approaches, as below:
v0;? = [Ln (CP/CP_,)]?
VOEK = 0.5[In(HP,) — In(LP,)]? — [2In2 — 1][In(CP,) — In(OP,)]?
VORS = [In(HP,) — In(OPY)][In(HP,) — In(CP.)] + [In(LP,) — In(OP)][In(LP,) — In(CP,)]
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where VOfQ , VOSK and VORS are the square return, volatility proposed by Garman and Klass
(1980), and volatility proposed by Rogers and Satchel (1991) and Rogers et al. (1994),
respectively. HP, LP, CP, and OP represent the high price, low price, closing price, and opening
price, respectively.

The selected descriptive statistics of the variables are reported in Table 1. BASg and

TVg are the bid-ask spread and trading volume of the equity market, respectively, while BAS,
and TV, are the bid-ask spread and trading volume of the crude oil market, respectively. VOZQ,
VO§X and VORS are the three price volatility measures for the equity market, while VO3,

VOSK, and VORS are the corresponding volatility measures for the crude oil market .The null
hypothesis of normality based on the Jarque-Bera test is rejected at the 1% level of significance
for all variables in both markets. A standard augmented Dickey-Fuller (ADF) test, which
examines the null hypothesis of a unit root, suggests that the null hypothesis can be comfortably
rejected at the 1% level of significance for all data series in both markets, which means that all
variables are stationary. In the table, we also report the test of autoregressive conditional
heteroskedasticity (ARCH) with the null hypothesis of “no ARCH” effect. We can reject the
null hypothesis at the 1% level of significance and conclude that all variables (except the
VORS) are heteroskedastic. Finally, the results of the Ljung-Box statistic also reject the null
hypothesis of independence for each variable, which is suggestive of auto-correlation in the

first lag and at least up to the 12th lag.

INSERT TABLE 1



2.2. Methodology

2.2.1. Empirical model

This paper employs the EGARCH model® to remedy the presence of heteroskedasticity of
variables noted in Table 1. Based on the Akaike Information Criterion and Schwarz
Information Criterion, the lowest order EGARCH (1,1) model has been chosen. We propose
three specifications of the EGARCH (1,1) model that use different levels of trading information

in predicting volatility of crude oil and equity markets. These three models are as follows:

VOE = BE + BEVOE , + €,
Model 2:( o 0 "t @
VoY = By + BVOL, + &
g — N(0,02)
In(6?) = o+ vy 4+ o|222 4+ Bln(oi,)
Ot-1 Ot-1
[voP = Bf + BYBAS{; + BTV, + BEVOL; + &
Model 2: 0 _ o 0 0 0y/0 0yn0 (2)
VO, = BO + [31 BAS;_; + BZ TV { + 83 VO,_; + &
& = N(O' Gtzi)
In(6?) = w+ vyt 4+ a2 + Bln(oi,)
Ot-1 Ot-1
del 3: VOP = B + BYBAS!; + BSTVL, + BEVOr, + BIBASY ; + BLTVY , + BLVOL; + &
t = B() + Bl -1 T Bz -1 T 83 -1 T 84 -1 T Bs -1t [36 -1 T &

g = N(0,02)

Et—1 Et—1
t—1

In(c?) = w+yo =+ afs

+ BIn(of,)

& According to Narayan and Narayan (2007), the EGARCH model has been demonstrated to be superior to the
GARCH model in several ways. First, the EGARCH model does not restrict the parameters y, a, and § in the
variance equation as the GARCH model does. Second, the estimate of 8 allows us to evaluate the persistency of
the shocks to the conditional variance. Third, the parameter y measures the asymmetric or the leverage effect, so
the EGARCH model allows us to test the volatility asymmetry. y > 0 implies that positive shocks have a stronger
effect than negative shocks, and vice versa. Fourth, the parameter a shows the magnitude of the conditional shock
on the conditional variance.
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where BASE, TVE, VOE are the bid-ask spread, trading volume, and the price volatility of the
equity market, respectively, while BAS?, TV?, VOP? are those of the crude oil market. &, is the
residual from mean equation, and o? is the conditional variance generated from the model.
Model 1 predicts the price volatility of the crude oil or equity market based on its own
lagged volatility, while Model 2 is based on its own past trading information including
volatility, bid-ask spread and trading volume. On the other hand, Model 3 predicts price
volatility using lagged volatility, lagged bid-ask spread, and the lagged trading volume of its
own-market and also from the cross-market. Our conjecture is that Model 2 would outperform
Model 1 in predicting price volatility as Model 2 utilises extra information, such as bid-ask
spread and trading volume. Similarly, Model 3 is expected to be superior to Model 1 and Model

2 because of the additional information contained in the cross-market.

2.2.2. Forecasting evaluation
In order to compare the forecasting accuracy between models, we use the Mean Square
Forecast Error (MSFE), which is considered to be amongst the most popular metrics for

evaluating the forecasting accuracy. The MSFE of each model is calculated as follows:
MSFE ==Y, (VO, - V0,)? @)

where T is the number of the forecasted volatility, VO, is the forecasted volatility from each

model, and VO, is the actual volatility. To compare the competitor model to the benchmark

MSFE

model, we use Theil U statistics = MSFE,

. If the competitor model’s MSFE; is less than the

MSFE, of the benchmark model (Theil U < 1), it indicates that the competitor model is more

accurate in forecasting than the benchmark model, and vice versa.



Although Theil U can compare the MSFE of forecasting models, we need to use another
test statistic to judge whether the difference is significant. We test the null hypothesis H,, :
MSFE, < MSFE; against MSFE, > MSFE;. The most popular method is Diebold and

Mariano’s (1995) and West’s (1996) test statistic (DMW):

DMW=VT% 5)
where d= %ZLl dq

d, = (VO, — ¥041) 2 — (VO — V01, 2

S=1yT,(@,-d)
where VO,, VO, and VO, are the actual volatility, forecasted volatility from the benchmark
and competitor models, respectively. T is the number of observations for the out-of-sample
period. The DMW statistic is equivalent to the t-statistic and has a standard normal asymptotic
distribution when compared to non-nested models. However, Clark and McCracken (2001) and
McCracken (2007) point out that this statistic has a nonstandard distribution when comparing
forecasts from nested models. Clark and West (2007) propose a modified Diebold and Mariano
(1995) and West (1996) test statistic which they refer to as the MSFE-adjusted statistic
replacing d; = (VO — VOq) 2 — (VO — VOy,) 2 with dyy = (VO — VOq) 2 — [(VO, —
V01) 2 — (V0o — VO4) 2]. This test statistic is now widely used in the applied time series

forecasting literature (for example, Rapach et al., 2010; Kong et al., 2011; and Neely et al.,

2011).

2.2.3. Economic significance

In order to examine how beneficial the cross-market volatility is, we analyse the utility gains

available for a mean-variance investor. Specifically, we compute the average utility for a mean-



variance investor who allocates her portfolio between a risky asset and a risk-free asset with

the aim of maximising her utility function, which has the following form:
Max [E(rt+1|1t) - %Var(rtﬂ“t) ] (6)
where vy is the relative risk aversion parameter; E(r..}) and Var(ry}) denote the expected

mean and variance of index excess returns estimated by the forecast approaches. The return on

a portfolio of risky asset and a risk-free asset is defined as:

port _ f
t+1 = D T @t Teen (")
where rffit, rf. .. req are the return of the portfolio, risk-free asset, and risky asset,

respectively. w, denotes the proportion of the portfolio allocated to the risky asset. The risky
asset weight, wy, is positively related to expected excess returns and negatively related to its
variance. In other words, an investor will invest more in the risky asset if return is increasing,
and will be equally discouraged from investing if its variance is rising over time. The optimal
portfolio weight for risky asset return, therefore, is:

" E(rey1)
(1) o — 8
t yVare(re+1) ( )

Our approach is as follows. We follow the study of Campbell and Thompson (2008)
and allow for borrowing only but not short-selling. This restricts the optimal portfolio weight,
wt, for the risky asset to lie between 0 and 1.5. Following Narayan et al. (2013), the relative
risk aversion parameter, vy, is set to six, which represents a medium level of risk position for an
investor. We measure the utility gain as the difference between the utility of the models, and
express the utility gain in the annualised percentage. In this way, the utility gain can be
interpreted as the portfolio management fee that an investor would be willing to pay to have

access to the additional information available in a competitor forecasting model.
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3. Empirical results

In this section, we report the main findings as follows. We begin with the contemporaneous
relationship between bid-ask spread, trading volume, and price volatility variables across the
equity and crude oil markets. We then examine whether including additional information from
the bid-ask spread, trading volume, and the price volatility from own-market and cross-market
is important in predicting price volatility. Next, we compare the forecasting accuracy of our
predictive regression models with three different out-of-sample periods. Finally, we investigate

the economic significance of trading strategy based on the forecasting models.

3.1. Contemporaneous effect

In this sub-section, we investigate the contemporaneous relationship between bid-ask spread
and trading volume to price volatility across the equity and crude oil markets by considering
their correlations, which are reported below in Table 2. As explained earlier, three measures of
price volatility are used. Panel A reports the results when the equity market is proxied by the
S&P500 index, and the results when using the NASDAQ index are reported in Panel B.

Focusing on the relationship between bid-ask spread and price volatility, the correlation
coefficients are significantly positive at the 1% level of significance in both the equity and
crude oil markets and for all three measures of price volatility. Interestingly, the price volatility
in both markets is positively correlated with not only their own bid-ask spread but also the bid-
ask spread from the cross-market. This relationship is similar but relatively weaker when using
the NASDAQ index compared to the S&P500 index.

Turning to the relationship between price volatility and trading volume, we also observe
that the correlation coefficients between these two variables are consistently positive and
statistically significant at the 1% level across all volatility measures. This finding is consistent

with the mixture of distributions hypothesis of Clark (1973), which suggests a positive
11



contemporaneous relationship between trading volume and price volatility. The price volatility
in the equity and crude oil markets is positively correlated with their own trading volume as
well as the trading volume from the cross-market. The correlation coefficients vary and are in
the range of 0.056 to 0.275 in the case of the S&P500 index, while the range is 0.055 to 0.175
when using the NASDAQ index. Similarly, the results suggest a positive and significant
contemporaneous relationship among the three volatility measures in both the crude oil and
equity markets.

Overall, the results represented in Table 2 confirm the positive contemporaneous
relationships between bid-ask spread, trading volume and price volatility. It is also interesting
that the relationships between these three variables are not only significant in their own-market
but also in the cross-market. The significant correlation of the bid-ask spread and trading
volume on price volatility across markets motivates us to empirically test whether including
additional information from the bid-ask spread and trading volume can improve the

predictability of price volatility predictability. This is the subject of the next section.

INSERT TABLE 2

3.2. In-sample analysis

In order to empirically assess whether information from the bid-ask spread, trading volume,
and price volatility contains any useful information for forecasting price volatility in the crude
oil and equity markets, we implement three specifications of the EGARCH (1,1) model, as
specified in Equations (1) to (3). Briefly, Model 1 predicts the price volatility of the crude oil
or equity market based on its own lagged volatility, while Model 2 contains the bid-ask spread
and trading volume from its own-market in the predictive regression model. On the other hand,

Model 3 contains lagged volatility, lagged bid-ask spread, and lagged trading volume of its
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own-market as well as from the cross-market. In this setup, Model 1 is the weakest set-up in
terms of information content, while Model 3 is the richest; Model 2, by comparison, falls
somewhere in between.

Table 3 presents statistics on the empirical fit of all three models. In particular, we
report the Akaike Information Criterion (AIC), Schwarz Information Criterion (SIC), and the
adjusted R-squared (ARS). There are two main findings. First, the information from the bid-
ask spread and trading volume improves the fit of the price volatility predictability model. To
illustrate, Model 2 is found to be superior to Model 1, as an improvement in the AIC, SIC and
ARS statistics is observed. In particular, in eight out of 12 cases the AIC and SIC from Model
2 are less than those from Model 1, while the ARS from Model 2 is greater than that of Model
1in 10 out of 12 cases, suggesting that Model 2 has a better fit than Model 1 in predicting price
volatility.

Second, the trading information from the cross-market also improves the fit of the price
volatility predictive regression model. Out of 12 regressions across markets and volatility
measures, there are eight times when the AIC and SIC of Model 3 are less than those obtained
from Model 1. Similarly, Model 3 has the smallest AIC and SIC statistics compared to Model
2. Furthermore, the ARS from Model 3 is higher than those from Models 1 and 2 in all cases,
suggesting strong evidence in favour of the value of trading information from the cross-market

in predicting price volatility.

INSERT TABLE 3

Table 4, on the other hand, reports the coefficients and the p-value of variables in the
price volatility predictive regression model (Model 3). We find three main features of the

results. First, the bid-ask spread coefficients are positive and statistically significant at the 1%
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level in all cases, indicating strong evidence of predictability of price volatility resulting from
the bid-ask spread. This implies that an increase in liquidity (i.e., narrowing bid-ask spread)
reduces the price volatility in both the equity and crude oil markets. Focusing on the results
reported in Panel A for the S&P500 index, the magnitude of the bid-ask coefficients are in the
range 0.0002 to 0.0153. The price volatility in the crude oil market as well as in the equity
market is positively and significantly predicted not only by its own lagged bid-ask spread but
also in the cross-market. The results are robust to the use of the equity market as similar results
are found when using the NASDAQ index.

Second, we also find strong evidence of price volatility predictability resulting from
trading volume. As can be seen from Panel A, the trading volume coefficients are positive and
statistically significant at the 1% level across different price volatility measures, implying that
an increase in the number of trades in the crude oil/equity market leads to an increase in price
volatility. Our finding is in line with the sequential arrival of Copeland’s (1976) information
hypothesis and other empirical studies (such as Foster, 1995; Wang and Yau, 2000; Rahman et
al., 2002; Darrat et al., 2003; and Hussain, 2011). In addition, the trading volume not only
significantly predicts its own-market price volatility but also the price volatility of the cross-
market. Turning to Panel B, we observe that the results on trading volume coefficients when
using the NASDAQ index are similar to those when using the S&P500 index. One exception
is that the crude oil market’s trading volume does not affect the Garman and Klass volatility
and Roger and Satchel volatility of equity market, although the result is still significant for the
square return volatility measure.

Our final result of interest relates to the price volatility coefficients, a manifestation of
the volatility interaction between the crude oil and equity markets. When using the S&P500
index, the price volatility of the equity market is positively and significantly affected by the

crude oil price volatility and vice versa. The results are robust to the price volatility measures.
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For example, when using the square return measure, the coefficient of the lagged crude oil
price volatility is 0.0069, which means that a 1% increase in the price volatility of the crude oil
market can lead to a rise of 0.0069% in the price volatility of the equity market. Reciprocally,
the coefficient of lagged equity price volatility is 0.0751, suggesting that a 1% increase in the
price volatility of the equity market can lead to a rise of 0.0751% in the price volatility of the
crude oil market. Taken together, it is worthy to note that the volatility interaction between the
crude oil and equity markets is bi-directional. In the other words, the information on crude oil
price volatility can be used to predict the equity price volatility, and vice versa. The results are

robust when we use the NASDAQ index as the equity market.

INSERT TABLE 4

So far the results obtained from Tables 3 and 4 together strengthen the evidence that
the information from the bid-ask spread, trading volume, and price volatility in its own-market
as well as from the cross-market successfully predict price volatility. To delve deeper into this,
we subsequently compare the in-sample predicting performance among three EGARCH (1,1)
models in predicting the volatility of the crude oil and equity markets using evaluation
statistics. The Theil U statistics and the p-value for the MSFE-adjusted test are reported in
Table 5. Comparing Model 2 and Model 1, we find that all Theil U statistics for both S&P500
and NASDAQ indices (reported in Panels A and B, respectively) are less than 1, except for the
Theil U obtained from the crude oil market’s Garman and Klass volatility measure, VOSX. The
Theil U statistics are in a range 0.8985 to 0.9838 and are statistically significant at the 1% level
of significance in most cases, concluding that Model 2 outperforms Model 1. This result again
confirms the predictability of market price volatility from the bid-ask spread and trading

volume information.

15



Turning to the comparison between Model 3 and Model 1, it is clearly depicted that the
introduction of the bid-ask spread, trading volume, and price volatility of both markets in the
volatility predictive regression model reduces the gap between the model-estimated volatility
and the actual volatility. Among 12 cases across three different volatility measures and two
equity indices, the Theil U statistics are all less than 1, and nine of those 12 cases are
statistically significant at the 1% level. Considering the results of the comparison of Models 3
and 2, which are reported in the last two columns of Table 5, we find that all Theil U statistics
are less than 1 for both the S&P500 and NASDAQ indices. Except when we use the crude oil
market’s Garman and Klass volatility measure,VOSX, the outperformance of Model 3 over
Model 2 is consistently significant at the 1% level, regardless of the volatility measures and the
markets in which they are conducted. The results imply that the price volatility can be predicted
more accurately by utilising the trading transaction information from both the equity and crude
oil market together (Model 3), rather than just using information from that market alone

(Models 1 and 2).

INSERT TABLE 5

In summary, the in-sample evidence so far demonstrates that the integration of the bid-
ask spread and trading volume factors leads to a better performance than the use of lag volatility
alone. Also, the trading information, such as bid-ask spread, trading volume, and the price
volatility from the cross-market, improves the price volatility predictability. The above
conclusions are robust across different types of analysis including the regression fitness, the

significance of variables in the predictive regression model, and the predicting evaluation.
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3.3. Out-of-sample forecasting results

To get an additional perspective on price volatility forecasting, the out-of-sample forecasting
performance of previous predictive regression models is examined in this sub-section. We
choose three out-of-sample periods for our analysis—2 January 2011 to 31 December 2012
(two years), 3 January 2012 to 31 December 2012 (one year), and 1 July 2012 to 31 December
2012 (six months). Table 6 presents the results based on the out-of-sample forecasting
performance between three models in terms of the Theil U statistic and MSFE-adjusted test p-
value when using the S&P500 index proxied for the equity market. The results based on the
NASDAQ index are reported in Table 7.

When we use a two-year out-of-sample period, Model 3 appears to outperform Model
1 in all six cases (see Table 6). The Theil U statistics are less than one and are statistically
significant at the 1% level. Likewise, Model 1 underperforms Model 2 consistently across three
different measures of volatility and in both markets, except in the case when we use the square
return conducted in the crude oil market. Meanwhile, the superiority of Model 3 over Model 2
is evidenced in four out of six cases. When we consider a one-year out-of-sample period, Model
3 performs better than Model 2 only in the crude oil market, while the outperformance of Model
2 and Model 3 over Model 1 appears most in all cases. The results based on a six-month out-
of-sample period (see Panel C) are mixed. There are mixed cases of significant Theil U
statistics of less-than-one, more-than-one, and also insignificant results.

In short, two main findings arise from these results. First, we find evidence that using
information on bid-ask spread and trading volume can improve the price volatility forecast
ability in an out-of-sample analysis. This is illustrated by the majority of the Theil U statistics
reported in Table 6 which are significantly less than 1, supporting the superiority of Model 2
over Model 1. Similarly, the trading information from the cross-market is also helpful in

forecasting price volatility, which is evidenced in the outperformance of Model 3 over Models

17



2 and 1. Second, the results are not very consistent across the three out-of-sample periods. The
empirical evidence is strongest for the out-of-sample period of two-years, and weaker when
the length of period declines, as expressed in the percentages of statistically significant less-
than-one Theil U statistics over the total number of Theil U statistics decreasing from Panel A,

Panel B to Panel C (83%, 67%, and 50%, respectively).

INSERT TABLE 6

Focusing on the results reported in Table 7 which uses the NASDAQ index instead of
the S&P500 index as the equity market, the first findings from Table 6 still hold. However, the
results are consistent across all three out-of-sample periods, where the percentage of significant
less-than-one Theil U statistics over the total number of Theil U is similar across Panel A, Panel

B to Panel C (78%, 78%, and 83%, respectively).

INSERT TABLE 7

3.4. Economic significance

The economic significance of the price volatility forecasting outperformance is considered in
this sub-section. Table 8 reports the annualised utility gains of the trading strategy based on
Model 3 compared to: (1) a buy-and-hold trading strategy; (2) a trading strategy based on
forecasting using Model 1; and (3) a trading strategy based on forecasting using Model 2. The
table reports the utility gains for each measure’s price volatility forecasting from the first row
to the sixth row of each panel, and the average utility gains in the last row. The results based
on the S&P500 index as the equity market are reported in Panel A, and the results based on the

NASDAQ index are reported in Panel B of Table 8.
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There are two important features worth highlighting from this analysis. First, the trading
strategy based on the price volatility forecasting using Model 3 is superior to other strategies,
as illustrated by the positive utility gains. Across the out-of-sample periods and equity markets,
the average utility gains are positive in all cases when we compare with the buy-and-hold
trading strategy. In addition, mean-variance investors are able to observe utility gains by using
Model 3 instead of Model 1 to forecast price volatility, which is evidenced, on average, by four
positive utility gains in the comparison (see column titled (2)). Turning to the comparison of
Models 3 and 2, the average utility gains are positive in both the S&P500 and NASDAQ
indexes in the six-month out-of-sample period. However, the results are mixed, with both
positive and negative utility gains for the one-year and two-year out-of-sample periods.

The second noteworthy point is that the magnitude of the utility gains is sizeable. For
example, across all out-of-sample periods and equity markets, the average utility gains when
compared to a buy-and-hold strategy are in the range of 3.63% to 16.45% per annum. On
average, the utility gain in this comparison is 12.37% per annum, which can be interpreted as
the investors being willing to pay an extra 12.37% per annum to have access to the additional
information available in the Model 3 forecasting approach. Comparing the trading strategies,
t, based on comparisons between Models 3 and 1, the average utility gains are in the range of
-0.74% to 4.92% per annum, while the range is -2.83% to 2.08% per annum when Model 3 is

compared with Model 2.

INSERT TABLE 8

4. Conclusion

This paper contributes to the existing literature by addressing the relative importance of
information on trading volume and bid-ask spread using intraday data in predicting cross-

market volatility in the crude oil and equity markets. This study uses three nearby futures
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contracts: E-mini S&P500 index futures, E-mini NASDAQ index futures, and Light Sweet
Crude Oil (WTI) futures over the period 2 January 2009 to 31 December 2012.

In order to investigate the usefulness of the bid-ask spread and trading volume in
predicting price volatility, we construct Model 1 which predicts the volatility of the crude oil
or equity markets based on its own lagged volatility, while Model 2 is based on the information
of the volatility, bid-ask spread, and trading volume of its own-market. On the other hand, we
also examine the trading information from the cross-market in predicting price volatility by
including the lagged volatility, lagged bid-ask spread, and lagged trading volume of its own-
market and from the cross-market in the predictive regression model (see Model 3). For the
purpose of comparing forecasting performance between predictive regression models, we use
the Theil U statistics and the MSFE-adjusted test. Finally, we test the economic significance
of the trading strategies based on the forecasting models.

Our findings are four-fold. First, we confirm the positive contemporaneous
relationships between bid-ask spread, trading volume, and price volatility in which the
relationships between the three variables are not only significant in their own-market but also
in the cross-market set-up. Second, the evidence from in-sample analysis illustrates that the
integration of the bid-ask spread and trading volume variables improve the price volatility
predictability. Furthermore, the trading information, such as the bid-ask spread, trading
volume, and price volatility from the cross-market, also significantly predicts price volatility.
These findings are robust across different types of analysis including the regression fitness, the
significance of variables in the predictive regression, and the forecasting evaluation.

Third, the bid-ask spread and trading volume from its own-market and cross-market
can improve the price volatility forecast ability in an out-of-sample analysis. This is illustrated
by the fact that the majority of Theil U statistics using different combinations of the models are

reported at statistically significantly less than a value of 1. Finally, we find that the
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improvement in price volatility forecasting is economically significant to the investors. The
trading strategy based on the best forecasting model has a utility gain, on average, of 12.37%

per annum compared to using a buy-and-hold trading strategy.
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Table 1: Selective descriptive statistics
Panel A : S&P 500

Mean SD JB ADF  ARCH(1) ARCH(12) LB(1) LB(12)
BASg 0.000223 0.000057 0.00 0.00 0.00 0.00 0.00 0.00
TVg 7.407827 1.898097 0.00 0.00 0.00 0.00 0.00 0.00
VOEQ 0.006755 0.039188 0.00 0.00 0.00 0.00 0.00 0.00
VOSK 0.006829 0.025104 0.00 0.00 0.00 0.00 0.00 0.00
VORS 0.007015 0.028670 0.00 0.00 0.00 0.00 0.00 0.00

Panel B : NASDAQ

Mean SD JB ADF  ARCH(1) ARCH(12) LB(1) LB(12)
BASg 0.000189 0.000137 0.00 0.00 0.00 0.00 0.00 0.00
TVg 5.039745 2.213027 0.00 0.00 0.00 0.00 0.00 0.00
VOEQ 0.007237 0.041345 0.00 0.00 0.00 0.00 0.00 0.00
VOSK 0.006551 0.037526 0.00 0.00 0.00 0.00 0.00 0.00
VORS 0.006704 0.055057 0.00 0.00 0.00 0.00 0.00 0.00

Panel C : Crude oil

Mean SD JB ADF  ARCH(1) ARCH(12) LB(1) LB(12)
BASg 0.000250 0.000351 0.00 0.00 0.00 0.00 0.00 0.00
TVg 5.305737 1.900944 0.00 0.00 0.00 0.00 0.00 0.00
VOZQ 0.020847 0.137236 0.00 0.00 0.00 0.00 0.00 0.00
VOSK 0.019504 0.173764 0.00 0.00 0.00 0.00 0.00 0.00
VORS 0.020474 0.315063 0.00 0.00 0.75 1.00 0.00 0.00

Notes: BASg and TVj, are the bid-ask spread and trading volume of the equity market, respectively, while BAS,
and TV, are the bid-ask spread and trading volume of the crude oil market, respectively. VO3<, VOSX and VOR®
are the three price volatility measures, namely, square return, Garman and Klass (1980) volatility, and the
volatility proposed by Rogers and Satchel (1991) and Rogers et al. (1994) for the equity market; while VOf)Q,
VOSK, and VOBS are the corresponding volatility measures for the crude oil market. The magnitude of the mean
and standard deviation of the volatility in three markets is multiplied by 10000. In the fourth column of each panel,
the table reports the p-value from the Jarque—Bera (JB) test, for which the null hypothesis is a joint hypothesis of
the skewness and the excess kurtosis being zero. The p-values of the ADF test, which examines the null hypothesis
of a unit root, are in the fifth column. The last four columns contain the p-values for the test of autoregressive
conditional heteroskedasticity (ARCH) and the Ljung-Box (LB) test for the autocorrelation at lag 1 and lag 12.
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Table 2: Unconditional correlations
Panel A: S&P500 index

Square return Garman and Klass Volatility Roger and Satchel volatility
Equity Crude oil Equity Crude oil Equity Crude oil
BASg 0.077 0.081 0.138 0.059 0.130 0.034
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
BAS, 0.035 0.068 0.043 0.032 0.038 0.019
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
TVg 0.171 0.112 0.275 0.096 0.243 0.056
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
TV, 0.100 0.138 0.173 0.117 0.153 0.068
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
VOg 1.000 0.144 1.000 0.081 1.000 0.041
----- (0.00) (0.00) (0.00)
VOq 0.144 1.000 0.081 1.000 0.041 1.000
(0.00) - (0.00) - (0.00) -
Panel B: NASDAQ index
Square return Garman and Klass Volatility Roger and Satchel volatility
Equity Crude oil Equity Crude oil Equity Crude oil
BASg 0.027 0.031 0.033 0.018 0.029 0.011
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
BAS, 0.028 0.068 0.020 0.032 0.014 0.019
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
TVg 0.175 0.108 0.194 0.095 0.134 0.055
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
TV, 0.114 0.138 0.133 0.117 0.092 0.068
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
VOg 1.000 0.114 1.000 0.053 1.000 0.021
----- (0.00) (0.00) (0.00)
VOg 0.114 1.000 0.053 1.000 0.021 1.000
(0.000 - (0.000 - (0.000 -

Notes: This table reports the correlations between bid-ask spread, trading volume, the price volatility of the equity
market/crude oil market and each of three measures of price volatility (including square return, Garman and Klass
(1980) volatility, and the volatility proposed by Rogers and Satchel (1991) and Rogers et al. (1994). BASg, TVg,
and VOg are the bid-ask spread, trading volume, and the price volatility of the equity market, respectively, while
BAS,, TVy, and VOq are the corresponding variables for the crude oil market. Panel A reports the results when
the equity market is proxied by the S&P500 index while the results when using the NASDAQ index are in Panel
B.
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Table 3 : Information criterion

Panel A: S&P500 index

Square return

Garman and Klass volatility

Roger and Satchel volatility

Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
Equity AIC -22.2130 -22.2223 -22.2247 -23.6944 -23.7219 -23.7243 -23.1389 -23.1624 -23.1635
SIC -22.2128 -22.2219 -22.2242 -23.6942 -23.7216 -23.7238 -23.1386 -23.1621 -23.1630

ADJ R-squared 1.95% 4.41% 4.62% 29.77% 31.10% 31.22% 17.35% 19.26% 19.34%
Crude Qil AlIC -19.6075 -19.6531 -19.6579 -19.7144 -19.1575 -19.1105 -17.9552 -17.8822 -17.8835
SIC -19.6073 -19.6528 -19.6575 -19.7141 -19.1571 -19.1100 -17.9549 -17.8819 -17.8831

ADJ R-squared 2.04% 4.55% 5.16% -4.40% -5.26% 2.27T% -10.76% 0.48% 0.67%

Panel B: NASDAQ index
Square return Garman and Klass volatility Roger and Satchel volatility

Model 1 Model 2 Model 3 Model 1 Model 2 Model 3 Model 1 Model 2 Model 3
Equity AIC -22.0559 -22.0739 -22.0759 -22.8477 -22.8645 -22.8722 -22.1030 -21.7201 -21.7344
SIC -22.0557 -22.0735 -22.0754 -22.8475 -22.8641 -22.8717 -22.1027 -21.7198 -21.7340

ADJ R-squared 1.93% 4.47% 4.66% 13.98% 15.38% 15.40% -2.86% 4.69% 4.77%
Crude Qil AIC -19.6075 -19.6531 -19.6569 -19.7144 -19.1575 -19.1083 -17.9552 -17.8822 -17.8828
SIC -19.6073 -19.6528 -19.6564 -19.7141 -19.1571 -19.1078 -17.9549 -17.8819 -17.8824

ADJ R-squared 2.04% 4.55% 4.97% -4.40% -5.26% 1.93% -10.76% 0.48% 0.56%

Notes: This table reports the Akaike Information Criterion, Schwarz Information Criterion, and the adjusted R-square of three EGARCH (1,1) models predicting volatility in
the crude oil and equity markets. The predictive regression models are presented as Equations (1), (2), and (3) in the main text. Three price volatility measures are used, namely,
square return, Garman and Klass (1980) volatility, and the volatility proposed by Rogers and Satchel (1991) and Rogers et al. (1994). Panel A reports the results when using
the S&P500 index as the equity market, while the results when using the NASDAQ index are reported in Panel B.
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Table 4 : Lagged effect

Panel A: S&P500 index

Square return Garman and Klass Volatility Roger and Satchel volatility
Equity Qil Equity Qil Equity oil
C -0.0275 -0.0804 -0.0135 -0.0721 -0.0185 -0.0901
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
BASg:—4 0.0062 0.0141 0.0029 0.0153 0.0037 0.0173
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
BASo -1 0.0004 0.0043 0.0001 0.0017 0.0002 0.0019
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
TVg 1 0.0023 0.0045 0.0011 0.0027 0.0017 0.0035
(0.00) (0.00) (0.00) (0.00) (0.00) (0.09)
TVo,t-1 0.0002 0.0044 0.0003 0.0056 0.0003 0.0075
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
VOg -1 0.1108 0.0751 0.5058 0.3173 0.3748 0.2415
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
V0o -1 0.0069 0.1162 0.0035 0.0576 0.0013 0.0180
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Panel B : NASDAQ index
Square return Garman and Klass Volatility Roger and Satchel volatility
Equity Qil Equity Qil Equity oil
C -0.0146 -0.0446 -0.0083 -0.0407 -0.0115 -0.0547
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
BASg:_; 0.0026 0.0041 0.0017 0.0042 0.0021 0.0047
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
BASq -1 0.0004 0.0046 0.0001 0.0021 0.0002 0.0023
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
TV 1 0.0026 0.0041 0.0018 0.0026 0.0022 0.0038
(0.00) (0.00) (0.00) (0.00) (0.00) (0.04)
TVo,t-1 0.0003 0.0045 -0.0001 0.0057 0.0002 0.0073
(0.00) (0.00) (0.35) (0.00) (0.29) (0.00)
VOg -1 0.1089 0.0812 0.3470 0.1369 0.1714 0.0634
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
V0o -1 0.0075 0.1193 0.0044 0.0608 0.0017 0.0191
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00)

Notes: BASg, TVg, and VOg are the bid-ask spread, trading volume, and price volatility of the equity market,
respectively, while BASq, TV, and VO, are the corresponding variables for the crude oil market. Three price
volatility measures are used, namely, square return, Garman and Klass (1980) volatility, and the volatility
proposed by Rogers and Satchel (1991) and Rogers et al. (1994). The specification of the model underlying the
results is presented by Equation (3) in the main text. The p-value of the coefficient for each variable is in
parentheses. The coefficients of the constants, TVg,_4, and TVy;_4, in both the S&P500 and NASDAQ indices
are multiplied by 10000.
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Table 5: Statistics of the in-sample performance
Panel A: S&P500 index

(2) versus (1) (3) versus (1) (3) versus (2)
Theil U p-value Theil U p-value Theil U p-value
vos? 0.9749 (0.00) 0.9727 (0.00) 0.9978 (0.00)
voSe 0.9203 (0.00) 0.9145 (0.00) 0.9936 (0.00)
VOgK 0.9810 (0.00) 0.9793 (0.00) 0.9983 (0.00)
VOSK 1.0179 (0.00) 0.9361 (0.00) 0.9196 (0.12)
VORS 0.9769 (0.00) 0.9760 (0.00) 0.9991 (0.00)
VORS 0.8985 (0.12) 0.8968 (0.12) 0.9981 (0.00)

Panel B: NASDAQ index

(2) versus (1) (3) versus (1) (3) versus (2)
Theil U p-value Theil U p-value Theil U p-value
VOZQ 0.9741 (0.00) 0.9722 (0.00) 0.9980 (0.00)
Vo2 0.9203 (0.00) 0.9163 (0.00) 0.9956 (0.00)
VOgK 0.9838 (0.00) 0.9835 (0.00) 0.9997 (0.00)
VOgK 1.0179 (0.00) 0.9393 (0.00) 0.9228 (0.12)
VORS 0.9265 (0.16) 0.9259 (0.16) 0.9992 (0.00)
VORS 0.8985 (0.12) 0.8978 (0.12) 0.9992 (0.00)

Note: VOEQ, VOSK and VORS are the three price volatility measures, namely, square return, Garman and Klass
(1980) volatility, and the volatility proposed by Rogers and Satchel (1991) and Rogers et al. (1994) of the equity

market; while VO(S)Q, VOSK, and VOBS are the corresponding volatility measures for the crude oil market. The table
reports the predicting performance comparison between three EGARCH (1,1) predictive regression models, which

are given as Equations (1), (2), and (3) in the main text. The Theil U statistics = xzizl , Where MSFE; and MSFE,
0

are the Mean Square Forecast Errors from the competitor and benchmark models, respectively. (2) versus (1)
means that Model (2) is the competitor model and Model (1) is the benchmark model and similarly for (3) versus
(1) and (3) versus (2). The p-value of Clark and West (2007) adjusted-MSFE which tests the null hypothesis H,, :

MSFE, < MSFE;, against MSFE, > MSFE; is in parentheses. Panel A reports the results when using the S&P500
index as the equity market, while the results when using the NASDAQ index are reported in Panel B.
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Table 6: Statistics of the out-of-sample performance using the S&P500 index
Panel A: two-year out-of-sample period

(2) versus (1) (3) versus (1) (3) versus (2)
Theil U p-value Theil U p-value Theil U p-value
vos? 0.9723 (0.00) 0.9739 (0.00) 1.0017 (0.21)
voSe 1.0206 (0.00) 0.9995 (0.00) 0.9793 (0.00)
VOgK 0.9485 (0.03) 0.9659 (0.00) 1.0183 (0.69)
VOSK 0.7192 (0.00) 0.6342 (0.00) 0.8818 (0.00)
VORS 0.9736 (0.00) 0.9731 (0.00) 0.9996 (0.00)
VORS 0.8903 (0.00) 0.8174 (0.00) 0.9181 (0.00)

Panel B: one-year out-of-sample period

(2) versus (1) (3) versus (1) (3) versus (2)
Theil U p-value Theil U p-value Theil U p-value
VOZQ 0.9506 (0.00) 0.9625 (0.00) 1.0125 (0.05)
Vo2 1.1173 (0.00) 1.0619 (0.00) 0.9504 (0.00)
VOgK 0.9330 (0.09) 0.9518 (0.08) 1.0201 (0.84)
VOgK 0.6018 (0.00) 0.5039 (0.00) 0.8373 (0.00)
VORS 0.8922 (0.14) 0.8919 (0.14) 0.9997 (0.11)
VORS 0.8281 (0.00) 0.7582 (0.00) 0.9157 (0.00)

Panel C: six-month out-of-sample period

(2) versus (1) (3) versus (1) (3) versus (2)
Theil U p-value Theil U p-value Theil U p-value
VOZQ 0.9258 (0.00) 0.9247 (0.00) 0.9988 (0.00)
Vo 1.0052 (0.00) 0.9847 (0.00) 0.9796 (0.00)
VOgK 0.9319 (0.12) 0.9476 (0.11) 1.0168 (0.83)
VO§SK 0.3952 (0.00) 0.4021 (0.00) 1.0175 (0.00)
VORS 0.8909 (0.15) 0.8903 (0.15) 0.9993 (0.13)
VORS 0.8057 (0.00) 0.8205 (0.00) 1.0184 (0.00)

Notes: VOEQ, VOSEK and VORS are the three price volatility measures, namely, square return, Garman and Klass
(1980) volatility, and the volatility proposed by Rogers and Satchel (1991) and Rogers et al. (1994) for the equity
market; while VO32, VOS¥, and VORS are the corresponding volatility measures for the crude oil market. (2) versus
(1) means that Model (2) is the competitor model and Model (1) is the benchmark model and is similar for (3)
versus (1) and (3) versus (2). The three EGARCH (1,1) predictive regression models are presented by Equations
(1), (2), and (3) in the main text. Three out-of-sample periods include 2 January 2011 to 31 December 2012 (two
years), 3 January 2012 to 31 December 2012 (one year), and 1 July 2012 to 31 December 2012 (six months). The

Theil U statistics = ::[[:El where MSFE; and MSFE, are the Mean Square Forecast Errors from the competitor
0

and benchmark models, respectively. The p-value of Clark and West (2007) adjusted-MSFE which tests the null
hypothesis H, : MSFE, < MSFE, against MSFE, > MSFE; is in parentheses.
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Table 7: Statistics of the out-of-sample performance using the NASDAQ index
Panel A: two-year out-of-sample period

(2) versus (1) (3) versus (1) (3) versus (2)
Theil U p-value Theil U p-value Theil U p-value
vos? 0.9754 (0.00) 0.9757 (0.00) 1.0002 (0.01)
voSe 1.0206 (0.00) 1.0140 (0.00) 0.9936 (0.00)
VOgK 0.9372 (0.00) 0.9374 (0.00) 1.0002 (0.00)
VOSK 0.7192 (0.00) 0.6850 (0.00) 0.9525 (0.00)
VORS 0.9408 (0.00) 0.9280 (0.00) 0.9864 (0.00)
VORS 0.8903 (0.00) 0.8543 (0.00) 0.9596 (0.00)

Panel B: one-year out-of-sample period

(2) versus (1) (3) versus (1) (3) versus (2)
Theil U p-value Theil U p-value Theil U p-value
VOZQ 0.9699 (0.00) 0.9748 (0.00) 1.0050 (0.00)
Vo2 1.1173 (0.00) 1.0908 (0.00) 0.9763 (0.00)
VOgK 0.9369 (0.00) 0.9379 (0.00) 1.0011 (0.00)
VOgK 0.6018 (0.00) 0.5494 (0.00) 0.9128 (0.00)
VORS 0.9792 (0.00) 0.9402 (0.00) 0.9601 (0.00)
VORS 0.8281 (0.00) 0.7924 (0.00) 0.9569 (0.00)

Panel B: : six-month out-of-sample period

(2) versus (1) (3) versus (1) (3) versus (2)
Theil U p-value Theil U p-value Theil U p-value
Vo3 0.9661 (0.00) 0.9638 (0.00) 0.9976 (0.00)
Vo 1.0052 (0.00) 0.9978 (0.00) 0.9927 (0.00)
VOgK 0.9391 (0.00) 0.9127 (0.00) 0.9719 (0.00)
VO§SK 0.3952 (0.00) 0.3883 (0.00) 0.9825 (0.00)
VORS 0.9358 (0.00) 1.0666 (0.00) 1.1397 (1.00)
VORS 0.8057 (0.00) 0.7913 (0.00) 0.9822 (0.00)

Notes: VOEQ, VOSK and VORS are three price volatility measures, namely, square return, Garman and Klass (1980)
volatility, and the volatility proposed by Rogers and Satchel (1991) and Rogers et al. (1994) for the equity market;
while VO3, VOSX, and VORS are the corresponding volatility measures for the crude oil market. (2) versus (1)
means that Model (2) is the competitor model and Model (1) is the benchmark model and is similar for (3) versus
(1) and (3) versus (2). The three EGARCH (1,1) predictive regression models are presented as Equations (1), (2),
and (3) in the main text. Three out-of-sample periods include 2 January 2011 to 31 December 2012 (two years),
3 January 2012 to 31 December 2012 (one year), and 1 July 2012 to 31 December 2012 (six months). The Theil

U statistics = ::[[:El where MSFE; and MSFE, are the Mean Square Forecast Errors from the competitor and
0

benchmark models, respectively. The p-value of Clark and West (2007) adjusted-MSFE which tests the null
hypothesis H, : MSFE, < MSFE, against MSFE, > MSFE; is in parentheses.
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Table 8 : Utility gain from out-of-sample forecasting

Panel A: S&P500

Six-month One-year Two-year
@) ) ®) 1) ) ®) @ 2 @)
VOEQ -3.672 -2569 -8.211 -3.274 3.018 -6.560 2.947 -0.510 -4.686
VOf)Q 6.898 4.041 4.996 24081 -6.054 -3.798 24279 -1.049 -1.831
VOSK 4.027 1.449 -3.030 2.879 8.571 2.209 5.605 -0.570 -2.861
VOSK 4.537 2406  9.115 28.609 -4.396 -4.172 25.390 -4.056 0.018
VORS 5.066 2.061 -4.324 1.056 5.542 0.963 8.693 2.057 2.696
VORS 4.898 2.478 4.939 29.724 -3.185 -2.544 29.020 -0.319 -2.674
Average 3.626 1.644 0.581 13.846 0.583 -2.317 15989 -0.741 -1.556
Panel B : Nasdaq
Six-month One-year Two-year
1) ) 3 1) 2 3 1) ) 3)
voy? 18.462 14.163  0.830 2736  7.861 1.178 5842 4076  1.702
VO?,Q -1.499 4357 -3.402 27942 -2.192 0.063 21.283 -4.045 -4.827
VOSK 19.683  8.954  -0.816 0.347  2.029 -2.504 5.167  0.158  3.548
VO§SK 2.296 0.165 6.874 22582 -9.810 -9.418 28.720 -0.726  3.348
VORS 25399 12.838 8.824 3.028 5188 0.760 8.693  2.057 2.696
VORS 0.155 -2.265 0.196 24569 -7.638 -7.048 29.020 -0.319 -2.674
Average 10.749 4916  2.084 13534 -0.760 -2.828 16.454  0.200 0.632

Notes: VOEQ, VOSK and VORS are the three price volatility measures, namely square return, Garman and Klass
(1980) volatility, and the volatility proposed by Roger and Satchel (1991) and Roger et al. (1994) of the equity
market; while VO3?, VOS¥, and VORS are the corresponding volatility measures of the crude oil market. This
table reports the annualized utility gains of trading strategy based on Model 3 to forecast the price volatility
compare to: (1) Buy and hold trading strategy, (2) trading strategy based on the forecasting Model 1, (3) trading
strategy based on the forecasting Model 2. Three out-of-sample periods include 2 January 2011 to 31 December
2012 (two years), 3 January 2012 to 31 December 2012 (one year), and 1 July 2012 to 31 December 2012 (six
months). The three EGARCH(1,1) predictive regression models are presented as Equation (1), (2), and (3) in the
main text. The utility gain, in annualized percent, is the management fee the mean-variance investors are willing
to pay for access to the forecasting model. The utility function (r;,,) — EVar(th) . y refers to the risk-aversion

of investors and has value of six.
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