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The evolution of trading practices in futures markets, including growth of high‐frequency
trading, has raised concerns about market quality. This study investigates whether excess futures
return volatility, as an encompassing gauge of market quality, has changed over time. Daily
measures of realized volatility are computed using 5‐minute returns of 15 electronically traded
futures contracts. Two benchmarks are used to control for changes in the rate of information
flow: option implied volatility and long horizon volatility estimates. Relative to the benchmarks,
realized volatility has not changed, indicating that changes in trading practices have not led to a
deterioration of market quality. © 2014 Wiley Periodicals, Inc. Jrl Fut Mark 35:426–454, 2015

1. INTRODUCTION

Sparked by increased competition and advances in technology, futures markets have
undertaken a number of structural changes over the past decade. One prominent example is
the rapid growth of high‐frequency trading, which accounted for 61% of futures market
volume in 2013Q1 compared to 47% in 2008.1 Some market observers have voiced concern
regarding the impact these changes have had onmarket quality, and claim that futures market
volatility has increased as a result.2 This paper studies whether the statistical properties of
realized return volatility of 15 electronically traded futures contracts, measured primarily
using intraday 5‐minute returns, have in fact changed in recent years.

Modeling the impact of changes in market microstructure on the volatility of futures
returns is no straightforward task. Observed or realized volatility can certainly be affected by
market microstructure, including bid/ask spreads, electronic versus pit trading, and the rise in
algorithmic trading. However, futures prices also respond rapidly to new information; hence,
changes in the rate of information flow, such as the increase that occurred during the financial
crisis, also have a direct effect on volatility. As a consequence, it is important to disentangle the
microstructural component of realized volatility from changes in fundamental volatility so that
statements can be made about market quality.
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In this study, two benchmarks for fundamental volatility are used to control for changes
in the rate of information flow. The benchmarks allow an assessment of the contribution of
changes in market microstructure to changes in realized volatility. The first benchmark is the
implied volatility in equity index options markets. The level of the CBOE Market Volatility
Index or “VIX,” for example, is themarket’s best assessment of the expected return volatility of
the S&P 500 index over the next 30 days. An option’s implied volatility generally differs from
the underlying asset’s realized volatility due to microstructural effects in both markets.3 If
changes in microstructure have increased realized volatility, then the difference between
implied and realized volatility should change. However, there is no evidence that the
difference between the realized volatility for the CME Group’s E‐mini S&P 500 futures
contract and the VIX has changed over time. The same is true for the relation between the
FTSE 100 Volatility Index or “VFTSE,” the implied return volatility of the FTSE 100 index,
and the realized volatility of the corresponding NYSE Liffe FTSE 100 index futures contract.
Realized volatility for Eurex’s DAX futures contract, in contrast, has risen relative to the
corresponding DAX Volatility Index or “VDAX.” This change has occurred only in the last year
of the sample, however, and is likely due to recent increases in macroeconomic uncertainty
related to the Euro zone crisis.

The second benchmark is return volatility measured over an extended horizon. To
understandhowthisapproachworks,assumethat futurespricesarenoisyduetomicrostructural
effects such as bid/ask price bounce, price discreteness, and price impact. As argued by Bandi
andRussell (2006,2008), theamountofnoise in the futuresprice is independentofwhether you
measure returns over 5 minutes or 10 days. Consequently, the “signal‐to‐noise ratio” (i.e.,
amount of true information about price change that you are extracting from the data relative to
the amount of microstructural noise) is much greater for longer distancing intervals than for
shorter ones.ConsistentwithBandi andRussell (2006, 2008), wefind that realized volatility for
shorter holding periods is higher than realized volatility computer over longer periods, thereby
confirming the presence of microstructural effects. But, more importantly, the relative
magnitudes have not changed meaningfully through time.

Taken together, these two results indicate that, after controlling for changes in the rate of
information flow, there is no evidence to suggest that the realized volatility of returns in
electronically traded futuresmarkets has changed through time. This conclusionmay appear to
conflict with discrete disruptions in markets that have been linked to high‐frequency trading,
including the flash crash ofMay 2010, as well as several recent academic studies including Lee
(2015) and Jarrow and Protter (2012). Note, however, that our measure of realized volatility is
based on squared 5‐minute returns; hence, we estimate volatility at the daily and monthly
frequencies, which are the frequencies that matter for longer‐term investors.

2. LITERATURE REVIEW

According to the Futures Industry Association, the number of futures and options contracts
traded worldwide tripled between 2003 and 2011.4 In addition, as we show in Section 5,
volatility for some futures contracts has doubled in recent years. There are two competing
explanations. The first is that an increase in the rate of information flow leads to increases in
both volatility and trading volume. The second is that changes in trading practices have led to
abnormal increases in trading volume, which have added noise to prices and hence volatility.
Our data‐driven analysis later in the paper determines which of the two explanations has more
compelling empirical support. In this section, we provide a review of underlying theory.

3See, for example, Figlewski (1989), Bollen and Whaley (2004), and Garleanu, Pedersen, and Poteshman (2009).
4FIA Annual Volume survey (2013).
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As described in Li and Wu (2006), classic market microstructure theory in Glosten and
Milgrom (1985), Admati and Pfleiderer (1988), and Foster and Vishwanathan (1990), among
others, links trading volume and price changes to the arrival of information. The mixture of
distribution hypothesis of Clark (1973) is commonly used to study this issue, positing a joint
dependence of price changes and volume on latent information flow, withmixed results. Clark
(1973), Epps and Epps (1976), and Tauchen and Pitts (1983) find support for the model.
Later studies, including Heimstra and Jones (1994), Lamoureux and Lastrapes (1994), and
Richardson and Smith (1994), question the earlier findings. Andersen (1996) reconciles the
conflicting results of prior studies by specifying an alternative process of information arrival.

Li and Wu (2006) find that the positive volume‐volatility relation is driven by informed
trading and the rate of information flow. After controlling for information flow the relation
turns negative, consistent with information‐free “liquidity trading” dampening volatility.
Theoretically, the negative relation between liquidity trading and price volatility exists in any
Bayesian learningmodel, in whichmarket makers infer information from sequence of trades.5

As argued by Kyle (1985) an increase in liquidity trading increases the depth of the market,
that is, the willingness of liquidity suppliers to commit to trading, which leads to greater price
stability. Market makers and other liquidity suppliers can accommodate random variations in
order flow without suffering any price impact. Chordia, Roll, and Subrahmanyam (2001), for
example, find that higher liquidity is generally associated with lower volatility in the absence of
information. These results suggest that if the rise of algorithmic trading has generated
additional information‐free trading volume, then volatility may in fact be reduced.

An alternative view of recent changes in trading practices, typically presented in the
popular press as opposed to academic research, makes several claims that together suggest
that the quality of financial markets has deteriorated in recent years due to high‐frequency
trading. High‐frequency traders, for example, are described as being selective in their
provision of liquidity, so that the theoretical results described above do not apply. In addition,
order submission and cancellation strategies are employed at the millisecond level in order to
learn about trading demands of other market participants, enabling front‐running strategies
that exacerbate the short‐term price impact of trades. Consequently, the microstructure
component of volatility may be expected to increase.

We turn next to a description of the historical evolution of volatility as well as different
ways of measuring volatility as we begin to differentiate between these two explanations.

3. VOLATILITY, MACROECONOMIC EVENTS, AND REALIZED VOLATILITY
MEASUREMENT

Volatility changes through time depending on the rate that new information arrives in the
marketplace. To illustrate, Figure 1 shows the behavior of U.S. stock market volatility from
January 1986 through June 2012 as measured by the CBOE’s market volatility index or VIX.6

Two features are salient.
First, there are periodic spikes in volatility, 20 of which are associated with

macroeconomic events in Figure 1. Unexpected changes in interest rates, the probability of
recession, and the rate of bank failures are some events that increase the level of anxiety in the
marketplace. Two large spikes are far larger than the others. The first, labeled event number
four, corresponds to the stockmarket crash ofOctober 19, 1987, a day onwhich theDow Jones

5See, for example, Madhavan (1995).
6The series plotted in Figure 1 is actually the VXO, the original form of the VIX when it was released in 1993. For an
explanation of the differences between the indexes, see Whaley (2009).
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FIGURE 1
Volatility from January 1986 to June 2012.

Shown is the daily closing level of the CBOE Volatility Index (VIX) from January 1986 to June 2012.
Spikes corresponding to 20 important events are indicated. Note that the VIX closed at 150.19 on the
stock market crash of September 19, 1987, although the scale of the chart is capped at 90.
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Industrial Average dropped 22%. TheVIX actually closed over 150 on that day, well beyond the
maximum on the figure’s scale. The second extreme spike, labeled number 18, occurred at the
height of the current global financial crisis on November 20, 2008, when the VIX closed at
about 87. These spikes are quite transient, indicating that implied volatility, as a measure of
perceived uncertainty and risk, can change as quickly as the rate of information flow.

Second, volatility appears to go through long periods of relatively elevated or depressed
levels.The5‐yearperiodof1992 through1996, for example,was relatively benign, and featured
an average VIX level of just 14.3. In contrast, the VIX almost doubled to 26.7 over the following
6‐year period of 1997 through 2002, which included a number of important events, including
the Asian crisis, the September 11, 2001 attacks, and massive drops in stock prices, especially
those of technology companies listed on NASDAQ. Similarly, VIX averaged just 14.1 from
July 2003 through June 2007, but then almost doubled to 26.2 over the last 5 years of the
sample, July 2007 through June 2012, corresponding to the global financial crisis.

Figure 2 provides a more granular view of the VIX in the time surrounding the financial
crisis. Macroeconomic phenomena including the European debt crisis, bankruptcy filings,
and regulatory uncertainty all contributed to prolonged levels of high volatility reaching into
2011.Markets were rocked by events that no one could have foreseen, including a downgrade
of the United States. Treasury’s credit rating and a tsunami that spawned a nuclear disaster in
Japan. This long list of fundamental sources of risk and uncertainty complicates any study of
market microstructure and its potential impact on volatility. As a consequence, in Section 6,
we develop twomeasures that are relatively free ofmicrostructural effects in order to construct
appropriate benchmarks for futures return volatility. But first we describe the variety of
approaches we use to measure realized volatility.

3.1. Constructing Daily Realized Volatility

Daily measurements of realized volatility are constructed by first dividing each 24‐hour day on
which trading occurs into 288 5‐minute periods, denoted by t where t¼1, …, 288. For each
5‐minute period within which a trade occurred, the last trade price is recorded, denoted by pt.
Starting with the second 5‐minute period, a return is computed as:

rt ¼ ln
pt
pt�1

� �
ð1Þ

if both period t and the previous contained a trade, otherwise the period does not contribute to
the day’s variance measurement. Realized return variance is then computed as the sum of
squared returns, scaled as follows:

288
n

X288
t¼2

r2t ð2Þ

where n is the number of 5‐minute returns recorded during the period. Scaling by 288
standardizes the measure to allow comparison across days and across contracts with different
trading hours. We define “daily realized volatility” as the square root of Equation (2).

Empirical analyses of realized volatility constructed from 5‐minute returns include
studies by Andersen, Bollerslev, Diebold, and Labys (2001) and Andersen, Bollerslev,
Diebold, and Ebens (2001) of exchange rates and stock returns, respectively. In both papers,
the focus is on the distribution of realized volatility as well as its serial correlation. Realized
volatility features positive skewness and substantial excess kurtosis, whereas log realized
volatility appears close to Gaussian, which is exploited in subsequent statistical analysis.
Thomakos and Wang (2003) find similar results using 5‐minute returns of Treasury Bond,
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FIGURE 2
Crisis timeline.

Shown is the daily closing level of the CBOE Volatility Index (VIX) from January 2007 to June 2012.
Spikes corresponding to 20 of the important events of the global financial crisis are indicated.
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S&P 500, and Eurodollar futures contracts. Thomakos and Wang mitigate the impact of
bid‐ask bounce by filtering the data using anMA(1) model and using the resulting residuals as
a proxy for true returns. Daily log volatility is persistent with autocorrelations significant for
over 50 days in all three studies, consistent with the voluminous GARCH literature that relies
on estimates of latent volatility inferred from daily returns. Realized volatility is also used in
recent work on high‐frequency trading, as in Broggard (2012).

3.2. Range‐Based Estimators of Realized Volatility

For robustness, we compute several range‐based estimators of realized volatility, which use
only the open, high, low, and closing prices observed in a trading day. Range‐based estimators
are used in several studies of high‐frequency trading, including Hendershott, Jones, and
Meukveld (2011), who construct daily volatility estimates. Similarly, Hasbrouck and Saar
(2011) use the spread between high and low midpoint quotes over 10‐minute windows as a
measure of volatility over a much shorter horizon.

Let O,H, L, and C denote these prices and define percentage changes from the open as
u � ln ðH=OÞ, d � ln ðL=OÞ, and c � ln ðC=OÞ. Parkinson (1980) developed the first
range‐based estimator using only high and low prices. The intuition is that the higher the
volatility, the larger the observed range of prices observed over the course of a trading day.
Using the above definitions, and the range observed over n trading days, the Parkinson
estimator can be computed as:

VP ¼ 1
4 ln ð2Þ �

1
n

Xn
i¼1

ui � dið Þ2 ð3Þ

The Parkinson estimator is valid only for processes with zero‐drift. Rogers and Satchell
(1991) derive an alternative estimator that accommodates a non‐zero drift and also has
substantially lower sampling error. The Rogers and Satchel estimator, again using prices from
n trading days, can be computed as:

VRS ¼ 1
n

Xn
i¼1

ui � cið Þui þ di � cið Þdi ð4Þ

We compute both estimates and use non‐overlapping daily, weekly, and monthly
intervals in the calculations.7

3.3. GARCH Processes for Time Variation in Volatility

As discussed above, one of the most salient features of volatility is its time variation.
Consequently, it will be useful to implement processes that explicitly accommodate changes in
volatility.WeusetheGARCH(1,1)volatilitymodel,which, fordaily returnsy, canbeexpressedas:

yt ¼ mþ et;

et � Nð0; s2
t Þ

s2
t ¼ vþ ae2t�1 þ bs2

t�1

ð5Þ

7Yang and Zhang (2000) modify the Rogers and Satchel estimator to reflect the volatility of overnight returns, which
they describe as “opening jumps” between the prior day’s close and the current day’s open. Since we focus on intraday
volatility, we use the Rogers and Satchel estimator.
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Two aspects of the GARCH estimates will be especially useful. First, the coefficient
b on lagged variance provides a measure of the speed with which volatility reverts to
average levels. Short‐lived spikes in volatility will result in faster convergence to the
long‐run mean and lower values for b. Second, the long‐run variance implied by the
GARCH(1,1) model is given by v=ð1� a� bÞ, which can differ from sample estimates
given the ability of the GARCH(1,1) model to accommodate short‐run changes in
volatility.

4. DATA

Our analysis is based on electronic trade‐by‐trade data provided by the Intercontinental
Exchange (ICE), Eurex, NYSE Euronext (NYSE Liffe), and The CMEGroup (CME).8 While
the trade‐by‐trade data, in some cases, contain spread trades and block trades, these were
eliminated from the subsequent analyses to focus in an unfettered way on trading activity. The
15 specific contracts are listed in Table I, together with their ticker symbols and time‐series
start and end dates. For the remainder of the paper, contracts are referred to by their ticker
symbols. Seven are interest rate futures contracts, five are stock index futures contracts, two
are crude oil futures contracts, and one is an agricultural futures contract. Three of the
exchanges also provided end‐of‐day data, including the daily open, high, low, and closing
prices of the futures contracts, which are used to construct range‐based estimates of volatility.
End‐of‐day data were obtained from Price‐Data.com as a check on data integrity. Daily data
for three popular stock market volatility indexes—the VIX, VDAX, and VFTSE—were
downloaded from Datastream.

Before examining return volatility in the 15 contracts, several market microstructure
variables are estimated to gain insight regarding the effect of changes in trading practices.
In particular, we measure changes in average trade size in contracts and in price clustering.
Trade size indicates whether trading practices have changed over the sample period
considered. Prices of many asset types tend to cluster on certain multiples of a given
market’s minimum price increment or tick size. As noted by Brown, Laux, and Schacter
(1991) and Harris (1991), smaller tick sizes can reduce the average speed of execution by
increasing the number of possible prices at which to trade, thereby complicating
negotiation. Bollen and Christie (2009) show that markets can endogenously create
optimal tick sizes by clustering trade prices appropriately. Ball, Torous, and Tschoegl
(1985) and Harris (1991) find that stocks with higher volatility and lower trade frequency
feature more clustering, suggesting that the degree of clustering increases in the difficulty
in obtaining information about an asset. These results motivate us to test whether
clustering has changed in futures markets reflecting any change in market quality. To
illustrate, Figure 3 shows the percentage of trade prices at each decimal increment
observed for the CL contract. If the 100 possible increments were used equally we would
expect each to occur about 1% of the time. Though all are used, those ending on multiples
of “nickels” are much frequent.

Table II shows changes in the two microstructure variables. For the contracts traded on
ICE (B, SB, and TF) we report results for the years 2008 and 2011 (“Pre” and “Post”) since SB
and TF do not begin trading until 2008. For all other contracts we report results for 2004 and
2011 to gain a longer‐term perspective on changes in the markets.

8The length of the different time series varies from exchange to exchange, and the time‐series generally end in
May 2012.
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TABLE I
Fifteen Futures Contract Time‐Series Provided by Futures Exchanges

Exchange Contract Ticker Begins Ends

Intercontinental Exchange (ICE)
Brent Crude B 11/4/2004 7/9/2012
Russell 2000 Index TF 1/2/2008 7/9/2012
Sugar #11 SB 1/2/2008 7/9/2012

Eurex
DAX FDAX 5/2/2002 5/15/2012
Euro‐Stoxx 50 Index FESX 5/2/2002 5/15/2012
Euro‐Bund FGBL 5/2/2002 5/15/2012
Euro‐Bobl FGBM 5/2/2002 5/15/2012

NYSE Liffe
FTSE 100 Index Z 1/4/2000 5/31/2012
3‐Month Euro (Euribor) I 1/4/2000 5/31/2012
3‐Month Sterling (Short Sterling) L 1/2/2001 5/31/2012
Long Gilt R 1/4/2000 5/31/2012

CME Group (CME)
Eurodollar ED 8/6/1992 5/31/2012
E‐mini S&P 500 Index ES 1/1/2000 5/31/2012
Light Sweet (WTI) Crude Oil CL 11/30/1999 5/31/2012
10‐Year U.S. Treasury Note TY 1/1/2004 5/31/2012

Note. Listed are futures contracts time‐series that serve as the basis of our analysis. The time and sales data provided by the
exchanges contain time‐stamped trade information. The end‐of‐day (EOD) summary data contain daily open, high, low, and close
prices as well as number of contracts traded and open interest, and were also provided by the exchanges. The Price‐Data data are
also daily summary data and were purchased from Price‐Data.com.

FIGURE 3
Clustering in the CL contract.

Shown is the percentage of trade prices in the CME’s crude oil futures contract (CL) at each possible
decimal increment. The 615,191 prices used are recorded from the last trade in each 5‐minute period
from December 1, 1999 through May 15, 2012.
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The clustering measure is the percentage of trade prices with the last two digits of
the decimal increment equal to 50. Given the contracts’ tick sizes, the null hypothesis
predicts 25% for the ES and TY contracts, 5% for the ED, FDAX, I, and Z contracts, and
1% for all others. Ten of the 15 contracts feature significant clustering in the Pre‐period,
though the economic magnitudes are modest as expected in the highly liquid futures
markets. In the Post‐period, the L contract is not considered given the extremely low
short‐term interest rates in 2011, which make clustering irrelevant. Of the remaining 14
contracts, nine feature significant clustering. More importantly, only four contracts
feature significant increases in clustering across the two periods, the FDAX, FESX,
FGBL, and Z contracts. Note that these are all European contracts, and the increase in
clustering may be explained by the increase in fundamental uncertainty in the financial
crisis period.

In contrast, the average trade size in contracts has fallen substantially for all but two of
the contracts. The average trade size for the CL contract fell from 7.68 contracts to 2.13, for
example, likely reflecting the increased presence of computer‐driven trading. We turn next to
an assessment of whether these microstructure changes are associated with changes in
volatility.

TABLE II
Market Microstructure

A. Clustering B. Trade size

Pre Post Change

Ticker Freq (%) P‐value Freq (%) P‐value Dfreq (%) P‐value Pre Post P‐value

CL 1.63 0.0000 1.16 0.0000 �0.47 0.0000 7.68 2.13 0.0000
ED 5.22 0.0593 4.76 0.0148 �0.45 0.0024 67.43 45.37 0.0000
ES 25.83 0.0000 25.66 0.0001 �0.17 0.4819 12.70 12.80 0.7474
TY 24.62 0.0314 25.13 0.4314 0.51 0.0342 31.03 17.17 0.0000
FDAX 5.34 0.0043 6.27 0.0000 0.93 0.0000 6.41 4.56 0.0000
FESX 0.77 0.0000 1.91 0.0000 1.14 0.0000 51.88 46.24 0.0014
FGBL 0.84 0.0038 1.30 0.0000 0.45 0.0000 97.84 35.03 0.0000
FGBM 1.22 0.0000 1.17 0.0005 �0.05 0.4962 117.16 49.43 0.0000
B 1.88 0.0000 1.45 0.0000 �0.43 0.0000 1.53 1.51 0.1796
SB 0.95 0.2875 0.90 0.0710 �0.05 0.5220 4.01 1.96 0.0000
TF 1.27 0.0000 1.07 0.0723 �0.20 0.0083 1.54 1.35 0.0000
I 5.27 0.0336 4.84 0.1508 �0.44 0.0112 80.99 41.08 0.0000
L 1.35 0.0000 88.52 54.35 0.0000
R 0.95 0.4306 0.88 0.0329 �0.08 0.3118 10.02 6.48 0.0000
Z 5.23 0.0765 6.16 0.0000 0.93 0.0000 4.07 2.82 0.0000

Note. Listed for each contract is the frequency with which the decimal component of trade prices are observed with last two
digits equal to 50 for a “Pre” period (2008 for B, SB, and TF; 2004 for all others) and a “Post” period (2011 for all contracts).
The P‐value tests whether the frequency is statistically significantly different from expected under the null hypothesis of a
uniform distribution given the contract's tick size. For ES and TY the null predicts a 25% probability. For ED, FDAX, I, and Z
the null predicts a 5% probability. For all other contracts the null predicts a 1% probability. Also listed is the change in the
frequency from 2008 to 2011. The P‐value tests whether the frequencies are statistically significantly different from each
other.
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5. REALIZED VOLATILITY ESTIMATES

This section reports estimates of realized volatility using 5‐minute returns of the 15 futures
contracts in our sample.

5.1. Summary Statistics

Tables III and IV contain summary statistics of realized volatility. Realized volatility is
computed daily, as described in Section 3, and is annualized. Only a single contract on an
underlying is used in a given day. Usually, it is the contract with the highest trading volume.
The days on which we roll from the nearby to the second nearby contracts range from 1 to
45 days before expiration. For some contracts, like ED, only quarterly expirations were used
since the trading volumes of non‐quarterly expiration contracts are meager.

Table III contains summary statistics of realized volatility estimated over each contract’s
entire sample period. The average volatilities across asset classes are in line with expectations.
For the CME contracts, for example, CL volatility is highest at 31.7%. ED volatility, at the
other end of the risk spectrum, is at 1.1%.9 The ES and the TY contracts had average
volatilities of 20.0% and 6.6%, respectively. Average levels of volatility across exchanges
generally correspond along asset classes. For equities, the Z contract traded on theNYSELiffe
features average volatility of 24.7%, slightly higher than the ES volatility traded on the CME.
The volatility of the TF contract, traded on the ICE, is higher still, at 34.4%, reflecting the
inverse relation between firm size and volatility. The FDAX and FESX contracts, traded on
Eurex, have average volatilities of 30.4% and 35.3%, respectively, reflecting the uncertainty
surrounding the debt crises in a number of European countries as well as uncertainty about
the future of the Euro.

For short‐term fixed income securities, the I and L contracts, traded on the NYSE Liffe,
have average volatilities of 1.0% and 1.7%, respectively, similar to the ED volatility traded on
the CME. For longer‐term fixed income securities, the FGBL and FGBM contracts, traded on
the Eurex, feature average volatilities of 8.7% and 5.6%, respectively, comparable to the TY
contract volatility traded on the CME. Volatility of the R contract, traded on theNYSELiffe, is
at 8.3%.

Commodities tend to have the highest volatilities, with the B and SB contracts traded on
ICE featuring volatilities of 37.9% and 56.8%, respectively, the former similar in magnitude to
the CL volatility traded on the CME.

For all contracts, the Jarque–Bera test easily rejects the hypothesis that volatility is
normally distributed, consistent with prior research such as Thomakos and Wang (2003).

Table IV shows summary statistics for the 12 contracts with data extending back to
January 2004 over two sub‐periods: a “Pre‐crisis” period from January 2004 through
June 2007, and a “Crisis” period from July 2007 through the first half of May 2012. Dramatic
increases in the average level and volatility of volatility are observed in a number of contracts.
For the four equity index contracts, ES, FDAX, FESX, and Z, for example, the average level of
volatility doubles in each case. Substantial increases are also present in CL, FGBL, and
FGBM. As described in Section 3, these increases can be attributed to the uncertainty created
by the global financial crisis.

5.2. GARCH Processes for Time Variation in Volatility

As discussed in Section 3, Figures 1 and 2 illustrate how volatility has undergone cycles of
high and low levels over the sample period, and has featured numerous spikes attributable to

9Note that for purposes of comparison, Eurodollar volatility is being expressed in terms of percent change in price. In
practice, however, Eurodollar volatility is most often quoted in terms of percent change in the Eurodollar interest rate.
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TABLE III
Summary Statistics

CME

CL ED ES TY

# Obs. 3,114 2,148 3,118 2,353
First 19991201 20040105 20000103 20040102
Last 20120515 20120515 20120515 20120515
Avg. 31.66 1.07 20.01 6.64
Std. dev 16.44 0.50 13.48 2.91
Skewness 2.43 3.34 6.11 2.69
Kurtosis 11.59 19.22 98.08 19.27
J‐B 12,632.75 27,550.55 1,193,850.81 28,794.25
P‐value 0.00 0.00 0.00 0.00

Eurex

FDAX FESX FGBL FGBM

# Obs. 2,555 2,558 2,559 2,559
First 20020502 20020502 20020502 20020502
Last 20120515 20120515 20120515 20120515
Avg. 30.37 35.28 8.70 5.61
Std. dev 20.65 26.12 6.18 3.49
Skewness 2.39 2.67 3.00 2.93
Kurtosis 12.52 14.63 14.23 15.25
J‐B 12,075.21 17,457.76 17,274.91 19,661.81
P‐value 0.00 0.00 0.00 0.00

ICE

B SB TF

# Obs. 1,877 1,101 1,065
First 20050214 20080102 20080319
Last 20120515 20120515 20120515
Avg. 37.85 56.84 34.40
Std. dev 18.08 17.42 20.36
Skewness 2.37 1.29 2.34
Kurtosis 10.05 6.65 11.75
J‐B 5,650.15 914.37 4,371.38
P‐value 0.00 0.00 0.00

NYSE Liffe

I L R Z

# Obs. 3,002 2,093 3,036 2,935
First 20000104 20010102 20000104 20000104

continued
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macroeconomic events. To provide some insight regarding the nature of the time variation in
volatility, we plot in Figure 4 daily returns of the three equity index contracts, ES, FDAX, and
Z, for which implied volatility indexes are available.

For all three equity index contracts, the daily returns feature classic volatility clustering
throughout the sample. Large swings in returns indicate periods corresponding to rapid
changes in the macroeconomic environment. Note also that the correspondence between
daily variation in returns and daily levels of the volatility indexes is tight, suggesting a strong
link between relatively high‐frequency observations of volatility and the 30 calendar day
measures of implied volatility. For this reason, we use implied volatility as one of our volatility
benchmarks to provide a test for a change in the role of microstructural effects on realized
volatility controlling for changes in the rate of information flow.

To determine whether volatility processes themselves have changed over the pre‐crisis
and crisis periods, we estimate parameters of a GARCH(1,1) for each contract. The results
are reported in Table V. For four of the contracts (FGBL, B, L, R), we fail to reject a
constant volatility model in favor of the GARCH(1,1) during the pre‐crisis period, and for
these the constant volatility estimate is listed. Perhaps the most important result here is
that the long‐run volatility implied by the GARCH parameters features substantial
increases for some of the contracts, though not nearly as large as the raw averages. The
FDAX long‐run volatility, for example, increases from 13.4% to 24.1% using the GARCH
parameters, whereas the average volatility listed in Table IV increases from 17.0% to
35.0%. The reason for this is that the GARCH model accounts for the transience of spikes
in volatility.

We provide one additional analysis of the time‐series behavior of realized volatility by
computing the autocorrelation function at the daily frequency with 100 lags. Figures 5
through 7 display the autocorrelation functions of the three equity index contracts featured
above, the ES, FDAX, and Z, respectively. The high level of serial correlation at short lags,
and the slow decay, reflects the volatility clustering shown in Figure 4. More importantly,
the differences in the pre‐crisis and crisis periods in the bottom panels is stark—in all three
contracts serial correlation has increased substantially in recent years, again likely the
reflection of an increase in underlying fundamental volatility.

TABLE III
(Continued)

NYSE Liffe

I L R Z

Last 20120515 20120515 20120515 20120515
Avg. 1.00 1.69 8.27 24.72
Std. dev 0.37 0.58 3.14 15.23
Skewness 4.37 5.51 2.00 2.69
Kurtosis 36.76 72.80 11.82 15.06
J‐B 152,094.52 435,519.13 11,873.67 21,336.56
P‐value 0.00 0.00 0.00 0.00

Note. Listed are summary statistics of daily observations of realized volatility, computed as the sum of squared 5‐minute returns
using the last trade price within each 5‐minute interval. Each day's realized volatility is scaled to reflect trading in all 288 intervals.
Realized volatility is converted to annualize volatility assuming a 252‐trading day year.

438 Bollen and Whaley



TABLE IV
Summary Statistics Over Pre‐Crisis and Crisis Subsets

Panel A. Pre‐crisis Panel B. Crisis

CME CME

CL ED ES TY CL ED ES TY

# Obs. 903 878 881 879 1,510 1,270 1,232 1,474
Avg. 23.80 0.95 11.54 5.58 34.97 1.15 23.25 7.26
Std. dev 7.13 0.32 3.34 2.38 19.35 0.58 15.42 3.01
Skewness 1.88 5.60 1.26 4.77 2.00 2.69 3.15 2.24
Kurtosis 10.49 56.73 4.94 39.12 7.99 13.24 19.13 17.20
J‐B 2,645.00 110,216.63 371.88 51,100.76 2,570.83 7,075.48 15,392.93 13,623.46
P‐value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Panel A. Pre‐crisis Panel B. Crisis

Eurex Eurex

FDAX FESX FGBL FGBM FDAX FESX FGBL FGBM

# Obs. 892 894 894 894 1,242 1,242 1,242 1,242
Avg. 17.04 18.12 5.34 3.74 35.04 44.85 11.50 7.05
Std. dev 5.85 5.72 1.59 1.69 22.61 30.31 7.68 4.18
Skewness 1.34 1.65 2.92 9.17 2.58 2.44 2.16 2.20
Kurtosis 6.22 7.50 19.21 133.97 13.49 12.19 8.26 9.49
J‐B 653.03 1,157.51 11,060.26 651,460.95 7,078.67 5,600.01 2,401.08 3,179.84
P‐value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Panel A. Pre‐crisis Panel B. Crisis

NYSE Liffe NYSE Liffe

I L R Z I L R Z

# Obs. 864 468 861 860 1,227 1,127 1,203 1,209
Avg. 0.81 1.58 6.04 13.95 1.07 1.66 10.05 29.26
Std. dev 0.15 0.41 1.76 4.84 0.45 0.64 3.37 17.60
Skewness 1.68 2.12 3.55 2.66 4.18 6.60 2.29 2.69
Kurtosis 11.31 15.60 29.67 16.22 30.59 86.22 13.43 13.43
J‐B 2,892.37 3,447.01 27,329.87 7,271.99 42,481.45 333,365.01 6,499.79 6,936.41
P‐value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Note. Listed are summary statistics of daily observations of realized volatility, computed as the sum of squared 5‐minute returns
using the last trade price within each 5‐minute interval. Each day's realized volatility is scaled to reflect trading in all 288 intervals.
Realized volatility is converted to annualized volatility assuming a 252‐trading day year. “Pre‐crisis” uses data from January 2, 2004
through June 29, 2007. “Crisis” uses data from July 2, 2007 through May 25, 2012.
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FIGURE 4
Daily returns and volatility indexes.

Shown are daily open‐to‐close returns of the ES, FDAX, and Z contracts along with the closing levels of
the VIX, VDAX, and VFTSE volatility indexes. The three data series begin on January 3, 2000, January 4,
2000, and October 24, 2006, respectively. All series run through May 15, 2012.
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5.3. Range‐Based Estimator as a Robustness Test

To test the robustness of our 5‐minute return volatility measures, we compare them to the
Rogers and Satchell (1991) range‐based estimator that relies only on a daily record of the
open, high, low, and closing prices for a contract. We compute both of the estimators
over three observation windows: daily, non‐overlapping five‐trading‐day periods, and
non‐overlapping 21‐trading‐day periods. The latter two correspond to weekly and monthly
measurements. For each of the 15 futures contracts, we measure the linear correlation and
the Spearman rank correlation between the two estimators over the full sample for each
contract.

TABLE V
GARCH Parameter Estimates

Ticker

Panel A. Pre‐crisis Panel B. Crisis

v a b LR v a b LR

CL 0.0977 0.0236 0.9408 26.30 0.0445 0.0457 0.9419 30.11
0.0966 0.0202 0.0000 0.0558 0.0000 0.0000

ED 0.0001 0.3100 0.5754 0.55 0.0000 0.1442 0.8458 0.69
0.2834 0.0801 0.0244 0.0806 0.0002 0.0000

ES 0.0395 0.0537 0.8527 10.32 0.0373 0.1135 0.8667 21.76
0.0151 0.0091 0.0000 0.0055 0.0000 0.0000

TY 0.0017 0.0202 0.9564 4.29 0.0052 0.0476 0.9200 6.38
0.3423 0.0426 0.0000 0.9033 0.7459 0.0235

FDAX 0.0284 0.0306 0.9299 13.45 0.0740 0.1006 0.8674 24.12
0.0924 0.0894 0.0000 0.0225 0.0000 0.0000

FESX 0.0196 0.0246 0.9462 12.98 0.0808 0.1065 0.8692 28.98
0.0972 0.1213 0.0000 0.0027 0.0000 0.0000

FGBL 0.0544 3.70 0.0035 0.0546 0.9237 6.42
0.0000 0.0706 0.0001 0.0000

FGBM 0.0002 0.0113 0.9787 2.30 0.0009 0.0412 0.9454 4.10
0.8703 0.5111 0.0000 0.0558 0.0033 0.0000

B 2.3716 24.45 0.0336 0.0517 0.9364 26.63
0.0000 0.1218 0.0009 0.0000

I 0.0000 0.2302 0.7519 0.40 0.0001 0.2234 0.7471 0.81
0.0016 0.0000 0.0000 0.1534 0.0657 0.0000

L 0.0006 0.40 0.0000 0.1590 0.8310 0.70
0.0000 0.0504 0.0001 0.0000

R 0.0594 3.87 0.0060 0.0391 0.9255 6.55
0.0000 0.7620 0.3915 0.0000

Z 0.0341 0.1044 0.7941 9.21 0.0544 0.1332 0.8459 25.56
0.0105 0.0005 0.0000 0.0067 0.0000 0.0000

Note. Listed are GARCH(1,1) parameter estimates based on de‐meaned daily open‐to‐close returns. Below each coefficient
estimate is the associated P‐value testing for statistical significance. Also listed is the long‐run annualized volatility (LR) implied by
the parameter estimates. “Pre‐crisis” uses data from January 2, 2004 through June 29, 2007. “Crisis” uses data from July 2, 2007
through May 15, 2012. For four of the contracts (FGBL, B, L, R) we failed to reject a constant volatility model in favor of the
GARCH(1,1) during the pre‐crisis period, and for these the constant volatility estimate is listed.
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The correlation results, reported in Table VI, are noteworthy in a number of respects.
First, the correlations tend to increase with the length of the measurement window. For the
ES contract, for example, the linear correlation between the two volatility estimators is 0.40 at
the daily frequency compared to 0.73 at the weekly frequency. Second, the correlations are

FIGURE 5
Autocorrelation functions of the E‐mini contract.

Shown are autocorrelation functions of daily measures of realized variance based on 5‐minute squared
returns for the S&P 500 E‐mini contract (ES) traded on the CME. The bottom figure shows the
functions estimated over two subsets. “Crisis” uses data from July 2, 2007 through May 25, 2012.
“Pre‐crisis” uses data from January 2, 2004 through June 29, 2007.
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generally quite high. At the monthly frequency, 10 of the 15 contracts feature a linear
correlation above 0.85. Third, the Spearman rank correlations generally correspond quite
closely to the linear correlations, suggesting that the linear correlations are not spuriously high
due to outliers or non‐normalities in volatility.

FIGURE 6
Autocorrelation functions of the DAX contract.

Shown are autocorrelation functions of daily measures of realized variance based on 5‐minute squared
returns for the DAX contract (FDAX) traded on the Eurex. The bottom figure shows the functions
estimated over two subsets. “Crisis” uses data from July 2, 2007 throughMay 25, 2012. “Pre‐crisis” uses
data from January 2, 2004 through June 29, 2007.
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6. BENCHMARKING REALIZED VOLATILITY MOVEMENTS

As noted earlier, realized volatility changes when there is a change in the rate of information
disseminating into themarketplace.We have documented significant changes over time in the
level of volatility for all 15 futures contracts, reflecting the dramatic events of the financial
crisis and the resulting uncertainty in markets around the world. Realized volatility is also
affected by changes in market microstructure. Changes in market structure, including the
increased dominance of electronic platforms and the rise in algorithmic trading, have

FIGURE 7
Autocorrelation functions of the FTSE contract.

Shown are autocorrelation functions of daily measures of realized variance based on 5‐minute squared
returns for the FTSE contract (Z) traded on NYSE Liffe. The bottom figure shows the functions
estimated over two subsets. “Crisis” uses data from July 2, 2007 throughMay 25, 2012. “Pre‐crisis” uses
data from January 2, 2004 through June 29, 2007.
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occurred contemporaneously with the increase in fundamental volatility in recent years,
making inference difficult regarding the impact of changes in market structure on market
quality.

To make this more concrete, note that observed trade prices are noisy due to market
microstructure issues such as bid‐ask price bounce, price discreteness (minimum tick size),10

TABLE VI
Correlations Across Volatility Measures

Ticker Daily obs. Correlation 1 day 5 days 21 days

CL 3,114 Linear 0.7544 0.9199 0.9555
Spearman 0.5121 0.6190 0.7332

ED 2,148 Linear 0.8522 0.9617 0.9867
Spearman 0.5998 0.7836 0.8243

ES 3,118 Linear 0.3993 0.7346 0.8587
Spearman 0.6522 0.8207 0.8548

TY 2,353 Linear 0.7883 0.9111 0.9700
Spearman 0.6307 0.7639 0.8452

FDAX 2,555 Linear 0.7299 0.8835 0.8957
Spearman 0.6451 0.6978 0.6719

FESX 2,558 Linear 0.6008 0.6842 0.6813
Spearman 0.6151 0.6562 0.6187

FGBL 2,559 Linear 0.5544 0.7101 0.7311
Spearman 0.5407 0.6649 0.6850

FGBM 2,559 Linear 0.5537 0.6659 0.6348
Spearman 0.5384 0.6405 0.6810

B 1,877 Linear 0.7971 0.9515 0.9849
Spearman 0.5423 0.7195 0.7349

SB 1,101 Linear 0.7405 0.9116 0.9533
Spearman 0.5494 0.7283 0.8130

TF 1,065 Linear 0.8250 0.9618 0.9649
Spearman 0.6056 0.6778 0.7355

I 3,002 Linear 0.1867 0.3800 0.5562
Spearman 0.5480 0.7412 0.8103

L 2,093 Linear 0.1619 0.3137 0.4688
Spearman 0.3931 0.5739 0.6176

R 3,036 Linear 0.7458 0.9029 0.9581
Spearman 0.5740 0.7664 0.8238

Z 2,935 Linear 0.8415 0.9581 0.9853
Spearman 0.6595 0.8105 0.8738

Note. Listed are correlations between realized volatility based on the sum of squared 5‐minute returns and the Rogers and
Satchell (1991) range‐based estimate based on daily open, high, low, and closing prices. Volatility measures are computed over
single‐day periods as well as non‐overlapping 5‐day and 21‐day periods. Linear correlations and Spearman rank correlations are
listed. All Spearman correlations are statistically significant at the 1% level.

10The bid‐ask price bounce, for example, acknowledges that trade prices are likely to have occurred at the bid or the
ask, depending on the motive for the trade. Indeed, Roll (1984) shows that the serial covariance of the sequence of
trade prices can be used to infer the size of the bid‐ask spread in an informationally efficient market.
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and price impact, and this noise inflates the level of realized price (return) volatility in the
following fashion:

srealized ¼ strue þ smicrostructure ð6Þ

In the analyses conducted thus far in this study, we do not explicitly address the
distinction between realized volatility and true volatility. In this section, we do.

The first component is “true” volatility or “macro‐level” volatility. The second component
is not related to fundamental economics and is a product of market microstructure. One way
to mitigate the effects of microstructure volatility on realized volatility is to use bid‐ask price
midpoints throughout the day rather than trade prices. Hasbrouck and Saar (2011), for
example, use the spread between high and low midpoint quotes over 10‐minute windows.
Unfortunately, this approach is not feasible since intraday bid‐ask quote data were unavailable
for our study. A potential alternative method is the Smith and Whaley (1994) generalized
method of moments procedure. Using the sequence of trade prices, Smith and Whaley show
how true volatility and microstructure volatility can be estimated simultaneously. Indeed, this
estimation procedure was developed specifically for time and sales data from the futures
exchanges in an era when historical bid‐ask price quotes were not recorded. Unfortunately,
this approach, too, was set aside because bid/ask spreads in many markets have become so
small that the estimator arrives a corner solution.

6.1. Using Implied Volatility as a Benchmark

One way to distinguish between realized volatility and true volatility is to use option prices.
Since volatility is a parameter in the option valuation formula, and all of the remaining
parameters are known, we can equate the formula to the observed option price to infer the
level of expected future volatility in the underlying asset market. This serves as our proxy for
true volatility,11 unfettered by microstructural considerations. Since we do not have access to
futures option prices, we rely on published volatility indexes, of which we identified three: (a)
the CBOE’s Volatility Index VIX, which provides an estimate of volatility for the CME’s
E‐mini S&P 500 futures contract; (b) the VDAX, which provides an estimate of the volatility
for Eurex’s DAX futures contract; and (c) the VFTSE, which provides an estimate of the
volatility of the FTSE stock index futures contract.

Figure 8 focuses on the comparison of realized volatility of the ES contract and the VIX
index over the period January 3, 2000 through May 15, 2012. Since the VIX is a measure of
annualized volatility in percentage points, we scale our measure of daily realized volatility
appropriately. Figure 8A shows the individual daily estimates of realized volatility. Three
features are apparent. First, in general the two series track each other extremely closely, and in
fact have a linear correlation of almost 80%. Considering that the VIX is a forward‐looking
estimate of the following 30 days of volatility derived from index option prices, whereas the
realized volatility is a backward‐looking estimate derived from futures prices, this correlation is
somewhat surprising. One interpretation is that market participants weigh heavily the
intraday volatility of the ES contract in their assessment of fundamental volatility. Second,
though the two series are highly correlated, the VIX tends to exceed the realized volatility quite
dependably. The average level of the VIX is 22.2% over this period, for example, compared to
20.0% for realized volatility. The difference can be interpreted as a volatility risk premium

11While it is true that option prices are also subject to microstructural effects just like futures, the effects can be
mitigated by using bid/ask price midpoints and multiple option contract prices. Indeed, the CBOE uses hundreds of
out‐of‐the‐money S&P 500 options in its determination of the level of VIX.
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FIGURE 8
E‐mini S&P 500 futures realized volatility versus VIX volatility index.

Shown are daily closing levels of “VIX,” the VIX volatility index, and “E‐mini,” an annualized measure of
realized volatility computed daily from 5‐minute returns of the CME E‐mini S&P 500 futures contract.
Realized volatility is the square root of the sum of squared 5‐minute returns using the last trade price
within each 5‐minute interval. Figures A and B show daily and monthly measures of realized volatility,
respectively. The data run from January 3, 2000 through May 15, 2012.
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incorporated into index option prices. Bollen and Whaley (2004) show that this premium is
driven largely by the demand for stock portfolio insurance. An important attribute of the figure
is, however, that the difference between implied and actual volatility appears to have increased
in the latter part of the sample. In other words, realized volatility appears to have decreased
relative to implied volatility even after the volatility risk premium is taken into account. Third,
the spikes in the VIX aremuch smaller than the spikes in realized volatility. The reason is clear:
as a forward‐looking 30‐day forecast of volatility, the VIX downplays the impact of volatility on
any given day.

Figure 8B compares realized volatility to VIX by first averaging the current and past 20
observations of realized volatility before annualizing.12Here the spikes in realized volatility are
generally equal inmagnitude to the spikes in the VIX.13 The correlation between the two series
is close to 90%. In our opinion, it is difficult to overstate the importance of this result. The VIX
represents a benchmark for fundamental volatility that is free from microstructural effects in
the underlying futures market. Figure 8A and B shows that our measure of realized volatility
based on 10‐minute returns tracks the VIX consistently from January 2000 through May
2012. If changes tomarket structure affected intraday volatility in ameaningful way, wewould
expect to see a divergence between realized volatility and the VIX after the changes weremade.
No such divergence is apparent.

In Figure 9, we compare the realized volatility of the FDAX contract to the VDAX
volatility index. Figure 9A shows results using individual daily measures of realized
volatility. The two series track each other quite closely, though not as closely as the E‐mini
realized volatility tracks the VIX. During the last 12 months of the sample, for example, the
realized volatility consistently far exceeds the VDAX, and averages 51.8% versus 29.6% for
the VDAX. One explanation for this phenomenon is the turmoil created by Germany’s
central role in maintaining financial order in the Euro zone. The FDAX market uncertainty
was undoubtedly affected by events such as the credit downgrades in countries such as
Ireland in April 2011 and Cyprus in September 2011 and the political upheaval arising
from changes in governmental leadership in Ireland in February 2011, Portugal in June
2011, Spain in July 2011, Italy and Greece in November 2011, and France in May 2012. In
Figure 9B, we see the same divergence between realized volatility in the FDAX and the level
of volatility as measured by the VDAX. The correlation between the two series is close to
90%, just like the E‐mini and the VIX, though again the divergence in the last 12 months is
clear.

We compare the realized volatility of the Z contract to the VFTSE in Figure 10. Here the
situation looks very similar to that of the ES contract and the VIX. A plausible macroeconomic
explanation is that the United Kingdom financial market is less affected by trouble in the Euro
zone than the Germany financial market.

6.2. Using Longer Horizon Volatility as a Benchmark

A second way to create a benchmark that abstracts from market microstructural effects is to
compute volatility using returns of varying time horizons. Naturally, the measure of realized
volatility from 5‐minute returns can be significantly affected by microstructural effects
including the bid‐ask spread, high‐frequency interactions between trading algorithms, and
changes in liquidity. Bandi and Russell (2006, 2008) investigate decomposing variance
estimated from high‐frequency returns into two components: the variance due to efficient

12The 30‐day horizon of VIX corresponds to roughly 21 trading days.
13The spike in realized variance in October 2002 can be traced to questionable prices late in the trading day on
October 9.
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FIGURE 9
FDAX futures realized volatility versus VDAX volatility index.

Shown are daily closing levels of “VDAX,” the VDAX (new) volatility index, and “FDAX,” an annualized
measure of realized volatility computed daily from 5‐minute returns of the Eurex DAX futures contract.
Realized volatility is the square root of the sum of squared 5‐minute returns using the last trade price
within each 5‐minute interval. Figures A and B show daily and monthly measures of realized volatility,
respectively. The data run from October 24, 2006 through May 15, 2012.
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FIGURE 10
FTSE futures realized volatility versus VFTSE volatility index.

Shown are the daily closing levels of “VFTSE,” the VFTSE volatility index, and “FTSE,” an annualized
measure of realized volatility computed daily from 5‐minute returns of the NYSE Liffe FTSE 100 Index
futures contract. Realized volatility is the square root of the sum of squared 5‐minute returns using the
last trade price within each 5‐minute interval. Figures A and B show daily and monthly measures of
realized volatility, respectively. The data run from January 4, 2000 through May 15, 2012.
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returns that would prevail in a frictionless economy and the variance due to microstructure
noise. The decomposition is achieved by sampling returns at different frequencies. Bandi and
Russell show in a general specification in which the observed log price is the sum of the
efficient log price and the log of a microstructure‐induced noise term that as the observation
window length decreases from 30‐ to 5‐minute periods, the average squared observed return
gradually increases to a consistent estimate of the second moment of microstructure noise.
We therefore compare the annual volatility of each contract using 5‐minute returns to the
annual volatility using 10‐ and 30‐minute returns to test for temporal changes in the impact of
microstructure on market quality.

For each contract year, we construct an annual volatility by taking the square root of the
sum of daily realized variance, in turn created from the sum of intraday squared 5‐minute
returns. These annual volatilities are standardized to a 252‐trading day year.We thenmeasure
low‐frequency volatility using returns from non‐overlapping periods of 10 and 30 minutes
within each day. Table VII shows the average percentage difference between the 5‐minute
volatility measure and the 10‐minute (Panel A) or 30‐minute returns (Panel B) for each
contract. For B, SB, and TF the “Pre” year is 2008; for all other contracts it is 2004. For all
contracts the “Post” year is 2011.

The volatility differences reported in Table VII are in all cases greater positive, which is
consistent with Bandi and Russell (2006, 2008) since the realized 5‐minute return volatility is
more inflated by the impact of microstructure. Put differently, the “signal‐to‐noise ratio” (i.e.,
amount of true information about price change that you are extracting from the data relative to
the amount of microstructural noise) is much greater for longer distancing intervals than for
short ones.More importantly, in Panel A, only six of the contracts feature an increase fromPre
to Post. Results in Panel B are qualitatively identical. For the four CME contracts, for
example, CL and ES actually feature a significant reduction in noise, TY shows no change, and
ED shows a significant increase. The other five contracts with an increase in noise are
European (FDAX, FESX, FGBL, FGBM, and L). Increases in noise for these contracts are
likely due to the continued liquidity problems caused by the Euro crisis rather than changes in
trading practices.

7. CONCLUSIONS

The purpose of this study is to determine whether changes in trading practices have led to
changes in futures market quality. We use excess futures contract return volatility as an
encompassing measure of quality. While realized futures volatility is affected by changes in
market microstructure, it is also affected by changes in the rate of information flow; hence, we
must control for the dramatic events that have roiled financial markets in the past decade.
Modeling true futures return volatility is no straightforward task. In general, it is very difficult
to extract the microstructure component of realized volatility so that statements can be made
about market quality.

In this study, we identify two benchmarks for fundamental volatility that permit
direct tests for changes of the impact of market microstructure. The first is the use of
implied volatility in equity index options markets. There is little evidence to suggest that
the difference between implied and realized volatility has changed. In terms of extending
this analysis, computing implied volatilities for markets that do not have published
indexes, and investigating the differences between implied and realized volatilities would
be worthwhile.

The second benchmark involves computing return volatility over different holding
periods. When we compute volatility for different holding periods, we find that realized
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volatility for shorter periods is higher than for longer periods, thereby confirming the presence
of microstructural effects. More importantly, the relative magnitudes have not increased
meaningfully through time. In other words, there is scant evidence to suggest that the quality
of electronically traded futures markets has changed through time.

TABLE VII
Volatility Ratios

Pre Post Change

Ticker Average (%) P‐value Average (%) P‐value DAverage (%) P‐value

Panel A. 5‐minute/10‐minute volatility� 1
CL 9.74 0.0000 2.40 0.0000 �7.33 0.0000
ED 21.42 0.0000 28.63 0.0000 7.21 0.0000
ES 5.43 0.0000 2.58 0.0000 �2.85 0.0000
TY 4.72 0.0000 5.35 0.0000 0.63 0.4829
FDAX 3.30 0.0000 21.45 0.0000 18.15 0.0000
FESX 6.64 0.0000 34.64 0.0000 28.01 0.0000
FGBL 7.06 0.0000 37.63 0.0000 30.56 0.0000
FGBM 11.59 0.0000 36.75 0.0000 25.16 0.0000
B 1.44 0.0011 2.40 0.0000 0.96 0.1355
SB 5.46 0.0000 3.72 0.0000 �1.75 0.0345
TF 3.99 0.0000 2.83 0.0000 �1.16 0.1616
I 30.39 0.0000 23.13 0.0000 �7.26 0.0000
L 28.29 0.0000 33.27 0.0000 4.98 0.0527
R 4.30 0.0000 2.17 0.0001 �2.14 0.0532
Z 2.24 0.0000 2.65 0.0000 0.41 0.5409

Panel B. 5‐minute/30‐minute volatility� 1
CL 23.79 0.0000 5.37 0.0000 �18.42 0.0000
ED 61.00 0.0000 86.05 0.0000 25.04 0.0000
ES 9.54 0.0000 6.33 0.0000 �3.21 0.0232
TY 12.84 0.0000 11.02 0.0000 �1.81 0.2909
FDAX 7.32 0.0000 57.99 0.0000 50.68 0.0000
FESX 13.12 0.0000 95.25 0.0000 82.13 0.0000
FGBL 15.39 0.0000 103.36 0.0000 87.97 0.0000
FGBM 23.51 0.0000 93.79 0.0000 70.28 0.0000
B 7.64 0.0000 5.70 0.0000 �1.94 0.1714
SB 12.31 0.0000 7.79 0.0000 �4.52 0.0127
TF 9.49 0.0000 5.18 0.0000 �4.31 0.0246
I 101.48 0.0000 60.14 0.0000 �41.33 0.0000
L 88.84 0.0000 101.90 0.0000 13.06 0.0433
R 9.66 0.0000 9.25 0.0000 �0.41 0.8333
Z 5.06 0.0000 7.30 0.0000 2.24 0.1575

Note. Listed for each contract is the average daily percentage difference between annualized volatility constructed from 5‐minute
squared returns and annualized volatility constructed from 10‐minute (Panel A), and 30‐minute (Panel B) returns for two separate
years. For B, SB, and TF the “Pre” year is 2008; for all other contracts it is 2004. For all contracts the “Post” year is 2011. The
P‐values indicate whether the averages are statistically significantly different from zero. Also listed for each contract is the change
across years. The P‐values indicate whether the averages from the 2 years are statistically different from each other.
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