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Abstract
This paper examines the impact of both unexpected and expected
trading volumes on permanent and transitory components of variance of 5
selected Exchange Traded Funds (ETFs). To develop the broadest spectrum of
assets possible, we selected five ETFs involving stocks, bonds and selected
commodities. Clearly, since the chosen ETFs all have different underlying
fundamentals that influence returns, we can investigate whether the postulated
relationships are different for assets driven by different fundamentals. Using
daily returns data over the October 2007 – May 2012 period, our findings
suggest that expected and unexpected volumes both impact permanent
volatilities for longer duration than they do transitory volatilities for all ETFs.
The impact on transitory volatilities is most ephemeral for the stock ETF,
followed (in order) by the agricultural, the oil, the gold, and the bond ETFs.
On the other hand, the permanent volatility component tends to show
strongest persistence (in order) for the commodity (the gold, the oil, and the
agricultural) ETFs. Using appropriate trading strategies from information
available in the permanent and transitory volatility components, we find that
investors can make profits ranging from 0.5% and 18.64% using sample
ETFs.
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1 - Introduction
In recent times, researchers have examined the links between
volatility and trading volume of assets such as stocks, futures, and options.
However, there are few academic papers investigating these relationships for
Exchange Traded Funds (ETFs). Existing ETF literature has examined the
links between volatility and return spillovers (Krause and Tse, 2013),
nonlinear price dynamics related to ETF returns (Caginalp, DeSantis, and
Sayrak, 2014), and the effects of ETFs on the liquidity of the underlying
assets (De Winne, Gresse, and Platten, 2014). Still others have examined the
links between total trading volume (surrogate for available market
information) and ETF returns in the literature (Lin, 2013). However, a subpart
of this stream argues that unexpected trading volume (appropriately defined
and captured) is a better proxy for capturing market information than expected
trading volume (Wagner and Marsh, 2005; Aragó and Nieto, 2005; and Girard
and Biswas, 2007). Expected trading volume is generally assumed as the
“normal” trading volume based on available information, and unexpected
trading volume is deemed to represent unanticipated information flowing to
the market (Aragó and Nieto, 2005).
Despite the extensive empirical research in this area, to the best of our
knowledge, a surprising observation is that there is a paucity of papers that
deal with the impact of expected and unexpected trading volume on the
permanent and transitory volatility of ETF returns. While many papers
distinguish between expected and unexpected volatility when examining links
between ETF volatility and returns, few distinguish between expected trading
volume and unexpected trading volume4 when examining volatility
persistence of ETF returns. Can splitting up total trading volume into its
expected and unexpected components prove valuable in ETF investment
strategies? What are the impacts of expected and unexpected trading volumes
on the transitory and permanent volatilities for ETFs? In this paper, both
permanent volatility (the long term trend) and transitory volatility (volatility
above or below the trend) components are introduced while selectively
controlling for expected and unexpected trading volumes. Depending on the
significance of each factor, there may be a superior basis for predicting ETF
returns with obvious implications for asset management strategies.
To conduct this research, appropriate methodology is required. At first
glance, it may seem that a GARCH model with a long run and a short run
4

Those that do only use total trading volume.
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components (introduced originally by Engle and Lee (1999)) may be
appropriate for this study. The traditional GARCH model relies on a one
factor model generating returns. However, extant empirical studies have
shown (Chernov et al, 2003; Colacito, Engle, and Ghysels, 2011) that the one
factor model does not fit the data well, and at the least two factors models are
required to capture the volatility dynamics more accurately. Since volatility
flows are examined in the paper, a two factor model is appropriate. Hence,
and following extant literature, we adopt the generalized autoregressive
conditional heteroscedasticity (CGARCH) model (also developed by Engle
and Lee (1999)) to examine the dynamic impact of expected/unexpected
volume on ETF volatility components. Using daily data over the October
2007 – May 2012 period, this paper reexamines the link between ETF return
volatility and expected and unexpected trading volume. Does the ETF
permanent/ transitory returns volatility - trading volume relationship get
impacted if trading volume is broken up into expected and unexpected
components? Specifically, what are the links between the permanent
(transitory) component of volatility and expected (unexpected) trading
volume? Since there are potentially four relationships examined, our findings
can therefore provide a more precise understanding of what drives ETF
volatility with obvious consequences for ETF asset management and hedging
strategies.
Hence, this paper studies the relationships of Exchange Trade Fund
(ETF) trading volume (both expected volume and unexpected volume), and
volatility (both transitory volatility and permanent volatility) for selected
ETFs.
The paper is organized as follows. In Section 2, we provide a brief
introduction into the nature and characteristics of ETFs, followed by a
literature review in Section 3. Data and methodology are provided in Section
4 and the results discussed in Section 5. Possible abnormal profit
opportunities from using information on volatility components from sample
ETF time series are explored in Section 6. Concluding comments, suggestions
for further research and policy implications follow in Section 7.

2 - What are Exchange Traded Funds?
An ETF is traded like a stock in the stock market. Normally an ETF
attempts to closely mimic a preselected stock index, a commodity, bonds, or a
basket of assets. A key feature of ETFs is that while they loosely track the
21
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benchmark index, they do not fully replicate the index. The popularity of
ETFs is primarily due to the fact that investors have the luxury of trading in
selected sectors of the economy at costs lower than what they would have to
pay if they bought/sold these assets individually (Gutierrez, Martinez and Tse,
2009). Since ETFs generally follow the underlying assets that make up the
index, their prices are obviously driven by the fundamentals related to the
underlying assets (Lauricella and Gullapalli, 2007). The final benefit is that
packaged ETFs are routinely traded on major exchanges. In 2014, the global
ETF market accommodates over $2.7 trillion in assets, of which the US ETF
market accounts for approximately 74% in volume.5

3 - ETFs: Literature review and rationale for this study
The contemporaneous relationship between trading volume and
volatility of stocks were examined by Karpoff (1987). While he used a
contemporaneous linear model to examine these relationships, other
researchers have argued for a lead/lag type of relationship as a better
characterization of the links between the two variables. Unfortunately, the
results of these subsequent runs are mixed. While some document a positive
link between volume and lagged returns (Saatcioglu and Starks, 1998;
Statman, Thorley, and Vorkink, 2006), others suggest no linkages between
volume and returns6 (Lee and Rui, 2002).
Next, Lamoureux and Lastrapes (1990) document that the persistence
in volatility (ARCH effects) disappears when trading volume is introduced as
an explanatory variable in the variance equation. Subsequent researchers,
building on Lamoureux and Lastrapes work, have further distinguished
between expected (or normal) volume and unexpected (or abnormal) volume,
in influencing the stated relationship. They suggest that unexpected volume
represents new information (or is the surprise component of information) in
the market place (Wagner and Marsh, 2005; Aragó and Nieto, 2005). Given
this distinction, the focus then became on examining the relationship between
volatility and unexpected trading volume. Using the asymmetric GARCH inmean model, Wagner and Marsh (2005) show that unexpected trading volume
shocks lead to increased volatility, whereas unexpected trading volume
breakdowns lead to decreased volatility. In contrast, Aragó and Nieto (2005)
5
6

Investment Company Institute at http://www.icifactbook.org/fb_ch3.html.
In a Granger causality sense.
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examine the relationship between unexpected volume and volatility, and
unlike the results reported earlier by Lamoureux and Lastrapes (1990), they
report that volatility persistence does not disappear when both expected and
unexpected trading volumes are included in the model. In another twist,
Girard and Biswas (2007) report that volatility persists even with the inclusion
of total volume, but this persistence decreases when expected and unexpected
volumes are also introduced. Chuang, Liu, and Susmel (2012) find evidence
of a positive contemporaneous relationship between volume and volatility for
stocks from Singapore, China, and Thailand, but a negative relationship for
those from Taiwan and Japan.7
In terms of research methodology, researchers have used some
sophisticated tools. For instance, much of the existing literature generally uses
a two-step procedure to study the relationships between volume and volatility
(for instance, Chuang, Liu, and Susmel, 2012). In the first step, the causal
relation between current stock returns and lagged trading volume, between
current trading volume and lagged stock returns, and between current trading
volume and lagged return volatility, are examined. Using consistent and
efficient parameter generated from the first step (Pagan, 1984), the statistical
relationships second moments of stock returns and trading volume and
between current volatility and lagged trading volume are examined (Chuang,
Liu, and Susmel, 2012), and appropriate conclusions made.
Researchers have also preferred the Component generalized
autoregressive conditional heteroscedasticity (CGARCH) model to examine
the links between volume and volatility. Later modifications include the
decomposition of conditional volatility into transitory and permanent
components (for instance by Guo and Neely (2008)) in analyzing stock
market volatility, and by Ahmed, Bashar, and Wadud (2012) to examine oil
price volatility.
There is no study that examines the influences of expected and
unexpected volumes on the volatility components of ETFs. Doing so will
allow us to provide insights into whether opportunities for superior trading
strategies using these instruments are available. Hence in this paper, we adopt
the CGARCH model to examine the relationship between returns, volume,
and volatility for selected ETF markets in the US using daily data spanning
from April 10, 2007 through May 31, 2012.

7

Using the bivariate GARCH model to examine the simultaneous volume/volatility
relationship.
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4 - Data and methodology
4.1 Data
We use daily closing prices collected from Datastream, for each of
five ETFs traded on NYSE’s ACRA market, over the April 10, 2007 through
May 31, 2012 period.8 The selected ETFs are respectively:
1) Standard and Poor's Depositary Receipt and Standard and Poor's 500
ETF Trust (SPY),
2) Standard and Poor's Depositary Receipt Gold Shares (GLD),
3) Standard and Poor's Depositary Receipt Standard and Poor's Oil and
Gas Exploration and Production ETF (XOP),
4) Powershares DB Agriculture Fund (DBA), and
5) Vanguard Long-Term Bond ETF (BLV).
The data starting points of each sample ETF depend on when they
were established. The SPY was launched on 1993/1/29; GLD on 2004/11/18;
DBA on 2007/1/15; XOP on 2006/6/22; and BLV on 2007/4/10. The first part
of the empirical analysis involves estimating expected volume proxies9 for
each time series for subsequent examination in the second step. April 10, 2007
is chosen as the starting day for all ETFs used in the study. The procedure for
generating the proxies is illustrated for the time series BLV. Similar
procedures are utilized for the other time series. For BLV, data for 132 days
after its initiation by the exchange are used to estimate expected volume
parameters as follows: To forecast the first value, we used 132 days of total
volume data prior to the estimation date to compute the initial forecast. For
the second and subsequent estimations, ARMA model estimates generated as
a moving average (dropping the first observation in the series and adding the
next realization) was used. This procedure generates expected volume
estimates using an ARMA model using information from the previous 132
trading days. Once expected volume estimates are generated, the second step
regressions are run. The starting date for the second step regressions is for all
sample time series is October 16, 2007.
These five ETFs have different underlying fundamentals. For
instance, the SPY index follows the stock market whereas GLD follows gold
8

Please note that the study final date is determined by data availability and on the need to
conduct out-of-sample trading strategy tests. Since we need enough data beyond the parameter
estimation period to measure any profits from adopted trading strategies, our data period for
parameter estimation ends on May 31, 2012.
9
The specific definition of trading volume and the equations identifying expected and
unexpected trading volume are described below.
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prices. Similarly, the others follow S&P Oil & Gas Exploration and
Production Select Industry Index (XOP), DBIQ Diversified Agriculture Index
Excess Return (DBA) and the Barclays U.S. Long Government/Credit Float
Adjusted Index (BLV). Basically, all five series follow different fundamentals
and hence a priori, one would expect the relationship between returns,
volume, and volatility to be quite different for all series. Does this contention
materialize when data are formally examined? This is the subject matter of the
paper. As an added feature, it will also be interesting to compare any different
impacts of unexpected/expected trading volumes on the transitory and
permanent volatilities of the ETFs as they influence returns. ETF returns are
computed as difference in the log daily closing prices over successive trading
days:
(1)
Next,

trading

volume

is

calculated

as

follows:
(2)

Finally, following Wagner and Marsh, (2005), Aragó and Nieto, (2005), and
Girard and Biswas, (2007), unexpected volume, calculated as the difference
between actual volume and expected volume, is used as a surrogate for the
unexpected information flow:
(3)
) is defined as the expected volume and is calculated
as the forecasted values from ARMA (p, q) models which best fit the sample
time series. In particular, expected volume was computed as:
(4)

Where

is the total trading volume on day t.
Since average returns (trading volumes) for Monday have
been shown to be lower (higher) than the average returns (trading volumes)
for other days of the week (French, 1980); Lakonishok and Maberly, 1990),
DW is used as a dummy variable (DW = 1 on Mondays, 0 on other days) to
control for possible difference due to these factors.
Unexpected volume is then calculated as the difference between the
total traded volume and the expected volume, as defined in equation (3). Since
available data for computing unexpected volume spans the October 16, 2007
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through May 31, 2012 period, both actual and unexpected volumes are
computed over the same time period.
Table 1 provides sample descriptive statistics for all data time series.
The mean returns for sample EFTs are quite different. The mean returns are
positive for the gold ETF (GLD) and bond ETF (BLV), and negative for the
others. Gold ETF has the highest mean return (6%) and the stock ETF (SPY)
has the lowest mean return (-1.3%) over the sample period. The volatilities for
sample EFTs are also very different. All series exhibit high degrees of
volatility: daily standard deviation of returns ranges from 0.81% for the bond
ETF (BLV) to 2.99% for the oil ETF (XOP), implying annualized volatilities
of 12.85% to 47.46%.
The unexpected volume for SPY is 2.4 times the total volume,
whereas the unexpected volume and total volume for GLD are almost the
same. The SPY ETF exhibits significantly higher total volume and unexpected
volume relative to the other sample ETFs and needs to be rationalized. First,
since SPY tracks the S&P 500 index, investors use the SPY as an inexpensive
way to generate intraday liquidity. Second, the high trading volumes
associated with SPY may be induced in part by the arbitrage links between
SPY and the underlying S&P securities that make up the index. Finally, it is
possible that trading volatility for both the SPY and the S&P 500 securities
are increased because of simultaneous activity in both markets. Indeed, the
low transaction costs for trading SPYs can also provide increased demand
shocks to the market. Since the SPY transactions and arbitrage trading can
occur many times during the day, SPY are affected to a greater extent by
demand shocks than the other sample ETFs.
With one exception (the stock ETF), all return series exhibit negative
skewness. All five sample ETFs show positive excess kurtosis over the sample
time period. Finally, the Jacque-Berra test for normality is rejected for all
sample series, implying that the series are not normal over the study time
period.
Table 1 : Descriptive statistics
Mean

Max.

Min. Std. Skew Kurt.

JB

Obs.

SPY
Returns(%) -0.013 13.56 -10.36 1.71 0.01 11.57 3566.80 *** 1165
Total vol
0.014 112.90 -127.22 29.83 0.02 4.07
55.50 *** 1165
Unexp. vol 0.033 1.20
-1.23 0.33 -0.02 3.50
12.31 *** 1165
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GLD
Returns(%)
Total vol

0.060 10.69
-7.72 1.45 -0.09 7.68 1063.25 *** 1165
0.036 177.80 -112.28 43.40 0.32 3.19
21.85 *** 1165

Unexp. vol

0.038

2.01

-1.23 0.48 0.22 2.97

9.03 *** 1165

XOP
Returns(%) -0.006 19.82 -19.80 2.99 -0.53 9.72 2248.78 *** 1165
Total vol
0.297 308.61 -347.62 54.07 -0.11 7.43 953.03 *** 1165
Unexp. vol 0.024 3.59
-4.07 0.64 -0.42 7.52 1025.11 *** 1165
DBA
Returns(%) -0.009 6.46
-9.00 1.56 -0.34 6.32
Total vol
0.016 188.44 -183.79 48.42 0.16 3.66
Unexp. vol -0.001 2.13
-2.03 0.56 0.14 3.62
BLV
Returns(%) 0.021 2.93
-4.78
Total vol
0.071 326.63 -380.40
Unexp. vol 0.012 4.32
-4.16
***
Significant at 1%; JB represents
Return is measured by equation 1:
volume is =

555.90 *** 1165
25.91 *** 1165
22.45 *** 1165

0.81 -0.28 4.82 175.62 *** 1165
87.16 -0.04 4.40
95.35 *** 1165
1.01 0.07 4.04
53.02 *** 1165
the Jacques-Berra Test for normality.
. Total
. Unexpected volume is

. Volumes are expressed as ratios.
Legend: Standard and Poor's Depositary Receipt and Standard and Poor's 500
ETF Trust (SPY); Standard and Poor's Depositary Receipt Gold Shares
(GLD); Standard and Poor's Depositary Receipt Standard and Poor's Oil and
Gas Exploration and Production ETF (XOP); Power shares DB Agriculture
Fund (DBA), and Vanguard Long-Term Bond ETF (BLV).
4.2 The Component GARCH (CGARCH) Model
The component GARCH model (CGARCH) developed by Engle and
Lee (1999) is utilized in this study. The conditional variance in the GARCH(1,
1) model can be described as follows:
（5）
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This form shows that the series exhibits mean reversion to a constant,
. In contrast, the component model allows mean reversion to a varying level
, as shown below:
（6）
（7）
Where
is the volatility at time t and
is the time varying longrun volatility. In equation (6), the transitory volatility component,
converges to zero with powers of
. The long run (or permanent)
component of volatility
(in equation 7) converges to with the power ,
which typically assumes a value between 0.99 and 1 implying that
converges to
rather slowly. We can combine the transitory and
permanent volatility equations into one equation as follows:
（8）
Clearly, the component model is a (nonlinear) restricted GARCH (2,
2) model. Given that sample descriptive statistics suggest excess kurtosis in
all of the selected time series, our methodology must accommodate this
feature. We capture the excess conditional kurtosis in the error term, which is
a Student’s t-distribution. The log-likelihood function is in the form
（9）

This distribution following a Student t-distribution when the degrees
of freedom
, and approaches the normal distribution as
.
Following Engle and Lee (1999), we denote
as the daily log returns on the
asset (as defined in equation (1)), with expected returns captured by
The
Conditional variance of returns is now
mt2|
where
denotes the set of all information available at time t1. The GARCH specification of Bollerslev (1986) is used to capture the
conditional variance in future returns.
As indicated earlier, model parameters are estimated using the
CGARCH specification as outlined in Engle and Lee (1999). First, we place
total trading volume in the conditional variance equation while dividing the
variance into transitory and permanent components:
（10）
（11）
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Next, since prior literature has documented that unexpected trading
volume represents a better proxy for information flow affecting market prices,
we also split up volume into its expected and unexpected components as
follows:
（12）
（13）
These models are now tested using sample data and presented in the
next section.

5. Results
Table 2 shows the results of the first model (as depicted in equations 6
and 7) representing transitory and permanent volatility persistence without
volume. The permanent persistence volatility as measured by is large and
statistically significant (over 0.99 for all ETFs except for the bond series),
which implies that the time series slowly revert to mean values. The transitory
persistence volatility measured by the sum
suggests significance only
for the stock series. Since the sum is less than 1, it suggests that transitory
shocks decay with time (Chou, 1988). In contrast, permanent shocks as
measured by remains significant for all time-series with the exception of
those for the bond series. Finally, for three series, namely stock, oil, and
agricultural ETFs, short term shocks (as measured by ) are negative and
significant at the 5% level. These results suggest that the returns/volatility
relationship remains noisy for the selected time series.10

10

Panel B in Tables 2 through 6 present diagnostic tests for the various CGARCH models used
in the paper. Based on these results, all models are well specified. The insignificant statistics of
Q(5), Q(10), Q2(5), Q2(10), ARCH (5) and ARCH (10) are observed for all model, and suggest
that the component- GARCH models capturing typical serial correlations present in sample
time series. Finally, there seems to be little evidence in support of ARCH effects for any series.
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Table 2 : Volatility persistence without volume
SPY

GLD

XOP

DBA

BLV

Panel A:
6.9622
2.3104 *
9.5586
2.1257 **
0.6549 ***
(19.47)
(1.27)
(8.69)
(1.05)
(0.13)
***
***
***
***
0.9952
0.9904
0.9942
0.9939
0.9838 ***
(0.01)
(0.01)
(0.01)
(0.00)
(0.01)
0.1468 ***
0.0659 ***
0.0853 ***
0.0478 *** 0.0477
(0.02)
(0.02)
(0.02)
(0.01)
(0.03)
-0.1885 *** -0.0545
-0.0716 **
-0.0660 **
0.0548
(0.03)
(0.03)
(0.03)
(0.03)
(0.04)
0.4466 ***
0.5321
-0.4777
-0.3503
0.7417 ***
(0.17)
(0.46)
(0.30)
(0.37)
(0.28)
Panel B: diagnosis tests
Q(5)
5.138
3.661
0.752
5.304
7.059
(0.40)
(0.60)
(0.98)
(0.38)
(0.22)
Q(10)
10.597
13.377
2.737
7.889
15.248
(0.39)
(0.20)
(0.99)
(0.64)
(0.12)
Q2(5)
5.455
1.528
3.687
8.672
0.716
(0.36)
(0.91)
(0.60)
(0.12)
(0.98)
Q2(10)
8.718
6.797
5.633
11.066
7.534
(0.56)
(0.74)
(0.85)
(0.35)
(0.67)
LM(5)
1.146
0.305
0.821
1.706
0.141
(0.33)
(0.91)
(0.53)
(0.13)
(0.98)
LM(10)
0.898
0.630
0.612
1.091
0.745
(0.53)
(0.79)
(0.80)
(0.37)
(0.68)
***
Significant at 1%; ** Significant at 5%; * Significant at 10%. Standard
errors (probability values) are shown in parentheses in Panel A (Panel B). ETF
definitions are provided in Table 1.
Next, in Table 3, volume is used as a proxy variable for information
flow. In contrast to the models examined in the previous section, we use total
trading volume as an explanatory variable to account for heteroscedasticity in
returns. We find that the coefficient associated with permanent persistence is
positive and significant at the 1% level for all time-series. On the other hand,
the transitory persistence,
, is significant only for the stock market and
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the oil series. The volume difference proxy is significant at the 1% level for
all series (but one), implying the presence of a long term component in
influencing returns. In contrast, when the results involving the short term
components are examined, only the coefficients associated with stock, gold,
and agricultural ETFs, are significant at the 5% level. Moreover, after the
addition of the proxy for information flow (volume), only the bond series ETF
seems immune to volume both in the short and long terms. When compared to
the results presented in table 2, it is clear that when trading volumes are
introduced into the model, both ARCH and GARCH effects get attenuated in
both the permanent and transitory variance regressions only for the stock and
the oil ETF.

Table 3 : Effect of total trading volume on volatility persistence
SPY

GLD

XOP

DBA

BLV

6.9506 *
(3.99)
0.9931 ***
(0.01)
0.0705 ***
(0.01)
0.9671 ***
(0.29)
-0.0617 **
(0.03)
-0.5448 **
(0.26)
-0.3002
(0.25)

1.8799 ***
(0.62)
0.9922 ***
(0.00)
0.0406 ***
(0.01)
0.5950 ***
(0.22)
-0.0217
(0.03)
0.5126 **
(0.25)
-0.6560 ***
(0.23)

0.5572 ***
(0.09)
0.9809 ***
(0.08)
0.0236
(0.23)
5.3035
(281.97)
0.0208
(0.24)
0.9569 ***
(0.30)
-5.2366
(281.97)

0.747
(0.98)
2.839
(0.99)

5.146
(0.40)
7.402
(0.69)

Panel A :
2.5138 ***
1.6561 ***
(0.94)
(0.55)
***
0.9880
0.9950 ***
(0.00)
(0.00)
0.1149 ***
0.0192 **
(0.02)
(0.01)
0.5531 ***
2.4473 ***
(0.09)
(0.88)
-0.1612 ***
0.0156
(0.03)
(0.01)
0.3396 *
0.9402 ***
(0.18)
(0.02)
**
-0.3233
-2.5843 ***
(0.16)
(0.88)
Panel B: diagnosis tests
Q(5)
4.997
3.083
(0.42)
(0.69)
Q(10)
10.281
11.677
(0.42)
(0.31)
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Q2(5)

4.017
2.197
3.233
10.885
4.256
(0.55)
(0.82)
(0.66)
(0.05)
(0.51)
Q2(10)
9.962
7.011
4.680
13.726
10.034
(0.44)
(0.72)
(0.91)
(0.19)
(0.44)
LM(5)
0.831
0.425
0.701
2.156
0.806
(0.53)
(0.83)
(0.62)
(0.06)
(0.55)
LM(10)
1.003
0.615
0.519
1.335
0.955
(0.44)
(0.80)
(0.88)
(0.21)
(0.48)
***
Significant at 1%; ** Significant at 5% ;* Significant at 10%. Standard
errors (probability values) are shown in parentheses in Panel A (Panel B). ETF
definitions are provided in Table 1.
Based on the results presented so far, it appears that unexpected
volume could be a better proxy to capture the surprise information
component. In Table 4, we document the results of the model where volume
are replaced by the expected and unexpected volumes in the conditional
variance model. The shock impacts on the long-run (or permanent) volatility
component (captured by the parameters) are positive and significant for all
sample ETFs and are above 0.98. These results suggest the persistence of the
permanent volatility component for all sample series, and indicate slow steady
state convergence to the mean. Next, in Table 5, we present the permanent and
transitory shock responses of each series ETF. From these results, it appears
that the half-lives of the permanent responses to shocks are 207, 108, 84, 51,
and 37 days for the gold, the oil, the agricultural, the stock, and the bond
ETFs, respectively. From these results, it is clear that the permanent volatility
component declines very slowly for the sample commodity (the gold, the oil,
and the agricultural) ETFs11, and relatively fast for the financial ETFs. These
results have not been reported in the literature. The commodity ETFs with a
permanent volatility that decays over a longer time period provides
speculation opportunities for investors either by using a long-short strategy or
a short-long strategy. A long-short strategy is to take a long position in an ETF
that is expected to increase in price until the half-life period of the permanent
volatility component. If the ETF really increases in price, the speculation
strategy will generate a profit. On the other hand, a short-long strategy will
require the assumption of a short position in an ETF that is expected to
decrease in price until the half-life period of the permanent volatility
11

Henceforth, when we refer to the commodity ETFs, we are implicitly referring to the gold,
the oil, and the agricultural ETFs. Similarly, the sample financial ETFs are respectively the
stock and the bond ETFs.
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component. The speculation strategy makes money only if the ETF actually
decreases in price.
Next, using the stock and the bond ETFs to hedge against stock and
bond price volatility would obviously be of limited value in view of their
relatively shorter half-lives. One implication of these findings is that investors
would be better off using long half-life ETF assets for hedging the underlying
asset price volatilities. Finally, in view of the strong persistence of permanent
volatilities for the commodity ETFs, investors will benefit in terms of better
asset management strategies if they can generate more accurate volatility
predictions for these three ETF markets than for the remaining two financial
ETFs.
In contrast, the transitory components exhibit much weaker
persistence, as captured by the sum
. The magnitude of the sum
is much smaller than the corresponding
values for all sample
markets. In addition, transitory shocks seem to last for much shorter durations
than they do for permanent shocks. The half-lives of the transitory responses
to shocks are 30.96, 14.55, 1.73, 0.39, and 0.31 days for the bond, the gold,
the oil, the agricultural, and the stock ETFs, respectively. The transitory
volatility components decline considerably faster for the oil, the agricultural,
and the stock ETFs, implying that there will be fewer short term investment
strategies using this information for these three ETF markets. On the other
hand, the relatively longer transitory volatilities will provide exploitable
investment opportunities using the bond and the gold ETFs.
Clearly, permanent shocks are more persistent than transitory shocks
for all markets. These results are consistent with those reported for stock
markets (Wagner and Marsh, 2005; Aragó and Nieto, 2005) where permanent
effects are more pronounced and last for a longer duration than transitory
effects. Interestingly, among these five ETFs, the bond ETF has the longest
half-life of transitory response and shortest half-life of permanent response.
The expected and unexpected volumes have the longest impact time on the
transitory volatility of bond ETF and the shortest impact time on the
permanent volatility of bond ETF. The expected and unexpected volumes
have the second shortest impact time on the permanent volatility of stock ETF.
How do the relative magnitudes of the permanent components
compare with each other? Examining the values of (the transitory volatility
component) with those of
(the permanent volatility component) for each
sample series provides a clue. The ’s are much smaller than the ’s for all
sample series, indicating that the impact of the shocks on the transitory
volatility component is weaker than those on the permanent volatility
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component. In addition, the ratio
is 1.11 on average, for sample time
series. Finally, the persistence factor proportionality,
is 6.69, and
can be attributed to the presence of noise traders and speculators in the ETF
markets selected for analysis, since transactions made by this group are
relatively sensitive to the impact of shocks.
Another major finding is that surprise information flows through the
unexpected volume variable, and is more severe on the permanent volatility
component than on the transitory component. In fact, the coefficients of
unexpected volumes on the permanent volatility components are positive and
significant at the 1% level for all sample time series. In contrast, with one
exception (for the oil ETF), all sample ETFs the coefficients of both
unexpected and expected volumes on the transitory volatility components are
negative and significant, implying a negative volume volatility relationship
for sample series. These findings show the existence of a negative impact of
unexpected volume on the transitory volatility component and a positive
impact of unexpected volume on the permanent volatility component. There
results have not been reported in the literature.
Table 4 : Effect of expected and unexpected trading volume on volatility
persistence

Panel

SPY
A:

GLD

XOP

DBA

BLV

1.4174 *
(0.73)
0.9865 ***
(0.01)
0.1027 ***
(0.02)
0.2478
(0.29)
0.5629 ***
(0.14)
-0.1443 ***
(0.02)

-0.5154
(2.17)
0.9967 ***
(0.00)
0.0126 **
(0.01)
2.0082 ***
(0.71)
2.1800 ***
(0.66)
0.0244
(0.02)

8.5417
(5.46)
0.9937 ***
(0.01)
0.0664 ***
(0.01)
1.4855 ***
(0.43)
0.9905 ***
(0.28)
-0.0598 **
(0.03)

1.8513 ***
(0.56)
0.9918 ***
(0.00)
0.0385 ***
(0.01)
0.4563 *
(0.25)
0.4697 ***
(0.18)
-0.0444
(0.03)

0.5633 ***
(0.10)
0.9813 ***
(0.01)
0.0299
(0.16)
4.8010 ***
(0.88)
4.8243 ***
(0.93)
0.0126
(0.17)
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0.2535
0.9291 ***
-0.6100 ***
0.2172
0.9652 ***
(0.19)
(0.02)
(0.17)
(0.25)
(0.16)
-0.6524 **
-2.4052 ***
0.6694
-0.9798 ***
-4.719 ***
(0.31)
(0.69)
(0.49)
(0.36)
(0.88)
***
***
***
-0.4385
-2.3362
-0.2110
-0.5611
-4.764 ***
(0.16)
(0.66)
(0.17)
(0.17)
(0.94)
Panel B: diagnosis tests
Q(5)
5.512
3.174
0.596
5.010
8.104
(0.36)
(0.67)
(0.99)
(0.42)
(0.15)
Q(10)
10.469
11.433
2.480
7.361
15.749
(0.40)
(0.33)
(0.99)
(0.69)
(0.11)
Q2(5)
3.018
2.268
3.324
8.460
4.423
(0.70)
(0.81)
(0.65)
(0.13)
(0.49)
Q2(10)
11.521
6.438
5.183
11.491
10.220
(0.32)
(0.78)
(0.88)
(0.32)
(0.42)
LM(5)
0.634
0.436
0.704
1.684
0.837
(0.67)
(0.82)
(0.62)
(0.14)
(0.52)
LM(10) 1.159
0.562
0.570
1.105
0.975
(0.31)
(0.85)
(0.84)
(0.35)
(0.46)
***
Significant at 1%; ** Significant at 5% ; * Significant at 10%. Standard
errors (probability values) are shown in parentheses in Panel A (Panel B). ETF
definitions are provided in Table 1.

Table 5 : Response to permanent and transitory components for each
ETF
Half-life
Permanent
Transitory

SPY

GLD

XOP

DBA

BLV

51

207

108

84

37

0.31

14.55

1.73

0.39

30.96

ETF definitions are provided in Table 1. The definitions of permanent and
transitory volatilities have been provided earlier.
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6 - Possible superior trading strategies from information in volatility
components
If we believe that both expected and unexpected trading volumes are
surrogates for new information, can a superior trading strategy (based on
persistence in the permanent component of trading volume) be developed and
exploited?
Since the three commodity ETFs (gold, oil, and agriculture) exhibit
relatively longer persistence in the permanent volatility component as
opposed to the transitory component, it seems clear that a possible trading
strategy for the gold and oil ETFs is to sell the ETFs short at the first
permanent volatility shock and then cover the short sell by buying it back later
at the half-life of the permanent volatility component. A trading strategy for
the agriculture EFT is to have a long position at the first permanent volatility
shock and then short sell it at the half-life day. To examine this contention, we
use the parameter estimates developed in the previous sections and investigate
profit making opportunities from superior investment strategies from an outof-sample data for each of three commodity ETFs. For each series, for the
June 2012 – Jan 2016 period, we develop a trading strategy as follows: We
initially locate the first volume shock (defined as volume 4 times the average
in the permanent component of volume for the first time) to each sample time
series. Once we detect a volume shock, we sell the underlying ETF short. At
the half-life of the permanent response component, we then buy back the
underlying ETF and compute the profits from this trading strategy.
First, for GLD (the gold ETF), the shock is generated on 2013/4/15.
Selling the ETF short the next day (2013/4/16) at 132.8 and buying it back
after 207 days (the half-life of the permanent response volatility component to
shocks of GLD), at a price of 122.47 results in a 8.43% abnormal profit.
Similarly, for the DBA (the agricultural ETF), the shocks occur on 2014/3/3.
Starting with a long position of the ETF on 2014/3/4 at 27.96 and selling it
after 84 days (the half-life of permanent volatility component) at 29.32
generates a profit of 4.86%. For XOP (the oil ETF), since the shock occurs on
2014/10/16, we short sell at 57.79 on 2014/10/17 and buy it back after 108
days at 47.02 resulting in a 18.64% profit.
For SPY (the stock ETF), the shock is generated on 2015/8/24. The
correct profit making strategy here is to buy the stock ETF the next day
(2015/8/25) at 187.27 and selling it after 51 days (the half-life of the
permanent response volatility component to shocks), at a price of 211, thereby
generating a 12.67% abnormal profit. Similarly, for the bond ETF (BLV), the
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shocks occur on 2014/8/27. Buying the ETF long on 2014/8/28 at 92.63 and
selling it after 37 days (the half-life of the permanent volatility component) at
93.07 generates a profit of 0.5%.
Given the relatively short half-life of the transitory components of
sample ETFs (relative to the half-life for permanent components), there seems
to be little trading value from this information. However, from among the
sample ETFs, the bond ETF and the Gold ETF have relatively longer
transitory half-lives than the other sample ETFs. Can trading profits exist for
the bond and the gold ETFs using the transitory components?
First, for GLD (the gold ETF), the shock is generated on 2013/4/15.
Buying the gold ETF long the next day (2013/4/16) at 132.8 and selling it
after 15 days (the half-life of the transitory response volatility component to
shocks of GLD) at a price of 142.15 results in a 7.04% abnormal profit.
Similarly, for the bond ETF (BLV), selling the ETF short on 2014/8/28 at
92.63 and buying it back after 31 days (the half-life of transitory volatility
component) at 91.93 generates a profit of 0.76%.
These results suggest that profits are forthcoming if information in the
volatility components are exploited.

7 - Conclusions, policy implications, and suggestions for further research
In this paper we further contribute to the growing body of literature
that discusses the complex relationship between ETF returns and volatility for
5 major US traded ETFs over the October 16, 2007 through May 31, 2012
period. While extant literature primarily documents a positive
volume/volatility link, we use the component CGARCH model to show that
while the long run links are positive, the short run (or transitory) link is
negative for the sample time series examined in this study. We find the
“unexpected” volume is a better proxy than total volume to capture the
surprise information influencing the volume/volatility relationship. This has
not been reported in the literature.
The permanent volatility component represents the expected
fluctuation of ETF price (trend) volatility while the transitory volatility
component captures deviations from long run equilibrium price volatility. The
expected and unexpected volumes have the longest (shortest) impact times on
the transitory (permanent) volatility of the sample bond ETF. Next in line, the
sample stock ETF records the second shortest impact time to expected and
unexpected volumes on permanent volatility. Our results also indicate that the
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transitory volatility components decline relatively fast for the oil, the
agriculture, and the stock ETFs, implying fewer short term investment
strategies available using this information for these ETF markets. In contrast,
the relatively longer transitory volatilities captured for the bond and gold
ETFs imply available exploitable long term investment opportunities using
these ETFs. From a hedging perspective, investors may be better off using
long half-life ETF assets for hedging the underlying asset price volatilities.
Finally, in view of the strong persistence of permanent volatilities for gold,
oil, and agricultural ETFs, investors’ benefits critically depend on their ability
to accurately predict permanent volatility in these three markets.
Overall, more precise strategic portfolio allocation strategies in the
ETFs should use information present in both the permanent and transitory
volatility components for better performance results. Future research may
expand the research to include more ETFs from US and foreign markets to see
if our conclusions are robust. In addition, trading strategies involving
information available from volatility components have been shown to provide
profits to investors for select sample ETFs. More systematic investigation of
these issues can be the subject matter for future papers.
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