

















We compute estimates of the daily variation based on the realized absolute variation of FX and bond returns
using the same range of sampling frequencies as in the preceding section, and we also average separately across
announcement and non-announcement days. The resulting signature plots are shown in Figure 12. These plots
share certain similarities with the ones shown in Figure 4, but they also exhibit some important differences.
First, we find that the estimates of daily variation that are based on absolute returns differ by less, on average,
across announcement and non-announcement days than is the case for the volatility estimates that are based
on squared returns. This suggests that the jump components of returns, which presumably are both more
frequent and more pronounced on announcements days, indeed affect the standard realized volatility estimator
disproportionately, just as the asymptotic theory for this estimator would predict. This effect is particularly
strong for FX returns (Figure 12A): volatility estimates show little difference across the two subsamples when
they are computed using absolute returns.

A second important difference between the signature plots for the robust estimators in Figure 12 and those
for the standard realized volatility estimator in Figure 4 lies in their response to the variations in the sampling
frequency. For both FX and bond returns, and both on announcement days and on non-announcement days,
realized volatility increases faster with the sampling frequency if it is computed as a functions of absolute
returns. While we can not offer a detailed explanation for this finding, we conjecture that this difference may
offer important clues to the nature of the market microstructure noise process that affects returns at the very
highest frequencies.

Judging from the absolute variation signature plots, the critical sampling frequency, which separates those
estimates which are affected noticeably by market microstructure noise from those which are not, is about
4 to 5 minutes for both FX and bond returns, and for both announcement and non-announcement days.
These estimates of the critical sampling frequencies are substantially lower, and the associated sampling
interval lengths are therefore substantially longer, than those we found when computing realized volatility

using squared returns. Exploring the causes of this pronounced difference is also left to future research.

6.2 Integrated volatility estimated from bipower variation

We now turn to volatility signature plots obtained from the bipower variation of processes. As set out in
Section 2, bipower variation is calculated from the products of adjacent absolute returns, rather than simple
squared returns, and it is therefore more robust to large outliers such as non-diffusive jumps. Figure 13
shows the signature plots for FX and bond returns using the realized bipower variation estimator defined in

equation (15).%!

21 The volatility, rather than variance, estimates are shown, i.e., results for /RBV; are displayed.
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The patterns shown in these signature plots are quite different from those shown in the signature plots
that are based on squared returns (Figure 4) or absolute returns (Figure 12). At the very highest sampling
frequencies available, the bipower-based signature plots exhibit a pronounced downward bias, rather than an
upward bias, to estimated volatility. Although we cannot rule out that market microstructure noise could
account for a part of this downward bias, the most likely determinant of this feature is the fact that, as the
sampling frequency increases, the fraction of sampling intervals with zero returns increases as well. Because
the bipower variation estimator is calculated from the sum of the products of adjacent absolute returns, two
consecutive non-zero returns are required to obtain a non-zero increment to the estimate of volatility. As
adjacent zero returns are especially prevalent at the highest sampling frequencies, the result is a decline in
estimated volatility at those frequencies.??

The critical frequency, at which the signature plots indicate that it is safe to sample without incurring
a penalty from market microstructure noise, thus reflects both the actual properties of the microstructure
noise process as well as the relative scarcity of non-zero observations at various sampling frequencies. For the
bipower-based volatility of FX returns, this frequency appears to be around 15 to 30 seconds on announcement
days and around 1 minute on non-announcement days. For bond returns, the critical frequencies are around 1
and 2 minutes, respectively, on announcement and non-announcement days.

An additional difference between the signature plots shown in Figures 4 and 12—apart from the downward
vs. upward biases at the very highest sampling frequencies—is that realized volatility is generally a bit lower
when using the bipower variation method, on both non-announcement days and announcement days, than if
the standard estimator is employed. This result holds even at the lower sampling frequencies, at which market
microstructure noise concerns would a priori not be thought to have pronounced effects. Given that both
estimators are asymptotically consistent under their respective maintained assumptions, this finite-sample
result suggests either that the standard estimator is biased because of its sensitivity to jumps in the price
process, or that the bipower estimator is downward biased because of the prevalence of intervals with zero
returns at all but the very lowest sampling frequencies.

Figure 14 shows the signature plots for the realized bipower variation using the skip-one returns defined in
equation (16). Rather than computing products of adjacent absolute returns, this estimator relies on products
of absolute returns with one sample period left out in between the terms. The intuition for this method is
that, by “skipping over” one term, one may be able to eliminate some of the serial correlation in returns that

could be caused by market microstructure features. Unfortunately, the actual volatility estimates we obtain

22Note that in the case of the absolute power variation method, a natural way for adjusting the estimator for changes in the
prevalence of intervals with zero returns is to adjust the sample size, i.e., to set the sample size equal to the number of intervals
with non-zero returns. No such simple adjustment is available for the estimator that is based on the bipower variation of returns.
We conjecture that, when computing the bipower variation of a discretely-generated process, a practical method for dealing
with the incidence of intervals with zero returns is to discard all samples that have zero returns prior to calculating the bipower
products.
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using the skip-one method are not straightforward to interpret. Across most sampling frequencies and for both
FX and bond returns, estimated volatility using the skip-one bipower method tends to be lower than if it is
computed on the basis of the standard bipower estimator. This result could be due to a successful elimination
of market microstructure noise. However, we find that this result is also present at longer sampling interval
lengths, for which microstructure noise is thought to play a less significant role. Hence, the lower levels of the
volatility estimates using the skip-one method almost certainly also reflect patterns in the latent efficient-price
component of the observed returns process. For instance, if large absolute returns tend to cluster in practice,
the skip-one estimator is likely to be biased downward irrespective of the chosen sampling frequency.

In summary, we find that it is hard to assess the impact of market microstructure noise on volatility
estimated from the realized bipower variation of a process. The primary cause of this difficulty appears to be
the issue of zero returns in samples that are drawn from discretely generated data. Nevertheless, it is evident
that the choice of sampling frequency is important for this class of volatility estimators as well. There is
some evidence that using the skip-one estimator may help eliminate some of the noise, as suggested by the
fairly flat signature plots for bond returns in Figure 14B, but this estimator may also induce a downward bias
that depends on the conditional distribution of the efficient-price component of the returns process. Given
the increasing popularity of the bipower volatility estimator, an important topic for future research is the
development of formal rules for choosing the critical or optimal sampling frequency. In addition, it would
appear to be useful to develop kernel-based or subsampling-based extensions to volatility estimators that are

based on the absolute power variation and bipower variation of the returns process.

7 Discussion

Using volatility signature plots, we have found that the critical or optimal sampling frequency, which affords
estimation of integrated volatility without incurring a penalty in the form of an upward bias caused by market
microstructure noise, is considerably higher and the resulting intraday sample lengths are considerably lower,
by a factor of at least six, for FX returns than for bond returns. What are some of the—not necessarily
independent—factors that may explain this striking difference? Both markets are based on electronic order
book systems, and both have achieved large market shares in their respective fields. However, the number of
active trading terminals is considerably larger on EBS than on BrokerTec, as is the number of transactions
per day. In contrast, the average size of each transaction is lower on EBS than it is on BrokerTec, suggesting

that the price impact of EBS transactions may also be lower on average. In addition, the bid-ask spread in the
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dollar/euro exchange rate pair is, on average, only about sixty percent the size of that of the 10-year Treasury
note. All of these factors may explain the observed differences in the critical sampling frequencies.??

Judging from the volatility signature plots, the critical sampling frequencies for estimating the realized
volatility of the returns to the 10-year Treasury securities and, even more so, of the returns to the dollar/euro
pair are much higher, and the associated critical sampling interval lengths are therefore shorter, than those
reported in the empirical literature for all but the most liquid of exchange-traded shares (e.g., Bandi and
Russell, 2006b). Lower bid-ask spreads and other lower transaction costs, a smaller price impact of trades, and
the fact that the number of distinct assets traded on these two systems is quite small—which, ceteris paribus,
should raise their liquidity—are all good candidates for explaining why their critical sampling frequencies are
so much higher than those in some other financial markets.

Two additional findings reported in this paper are that there is, in general, substantial heterogeneity in
the shapes of the daily volatility signature plots and that, on any given day, the realized volatilities computed
from adjacent sampling frequencies can differ considerably from each other. A related finding, we believe, is
that the sampling interval lengths chosen by the rules proposed by Bandi and Russell (2006b) and Ait-Sahalia
et al. (2005) are generally considerably longer than those that would be chosen visually, i.e., on the basis of the
signature plots. We conjecture that a key to interpreting these findings is to recall that financial returns—and
especially those sampled at very high frequencies—tend to be very leptokurtic. Empirically, returns that occur
during possibly just a handful of intraday periods may make disproportionate contributions to estimates of
realized volatility, and these contributions can depend strongly on the precise choice of sampling frequency.
The heterogeneity in the shapes of the daily signature volatility plots may also be a byproduct of the high
kurtosis present in high-frequency data. We suggest that one of the practical uses of computing realized
volatility via robust methods—such as those that are based on the absolute power, bipower, and multipower
variation of returns—may be to shed more light on the role leptokurtosis of returns plays in driving the

heterogeneity present in daily (squared) realized volatility signature plots.

8 Conclusion

In this paper, we use various methods to examine the dependence of estimates of realized volatility on the
sampling frequency and to determine if the data suggest that there exist critical sampling frequencies, beyond
which estimates of integrated volatility become increasingly contaminated by market microstructure noise.
We study returns on the dollar/euro exchange rate pair and on the on-the-run 10-year U.S. Treasury security

in 2005, at intraday sampling frequencies as high as once every second. We detect strong evidence of an

231t is also possible that the workup process on BrokerTec affects bond price dynamics in a way that makes market microstructure
noise persist longer than in FX markets. BrokerTec has recently changed the mechanics of its workup process significantly.
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upward bias in realized volatility at the very highest sampling frequencies. Time-averaged volatility signature
plots suggest that FX returns may be sampled as frequently as once every 15 to 20 seconds, respectively, on
days with and without scheduled major U.S. economic data releases and news announcements, without the
standard realized volatility estimator incurring market microstructure-induced bias. In contrast, returns on
the 10-year Treasury security should be sampled no more frequently than once every 2 to 3 minutes on non-
announcement days, and about once every 40 seconds on announcement days, if one wishes to avoid obtaining
upwardly-biased estimates of realized volatility.

If one uses realized kernel estimators, which explicitly eliminate some of the serial correlation in the returns
that is induced by market microstructure noise, the critical sampling frequencies increase even further. By
using the simplest possible realized kernel estimator, which simply adds the first-order autocovariance term to
the standard estimator, the critical sampling frequency for FX returns is about once every 2 to 5 seconds, and
it is about once every 30 to 40 seconds for bond returns. The resulting high degree of precision with which
integrated volatility may be estimated suggests that the economic benefits for risk-averse investors who rely
these methods for their portfolio choices should be substantial, in comparison with approaches to estimating
the volatility of these two time series which either use daily-frequency data or which estimate integrated

volatility on the basis of more sparsely sampled intraday data.
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Table 1: Summary statistics for dollar/euro returns

All summary statistics expressed as basis points of the price.

Sampling Interval Length
24 Hours 5 Minutes

Mean —4.94 —0.014
Absolute mean 43.31 2.16
Standard deviation 55.71 3.30
Skewness 0.23 —0.14
Kurtosis 3.27 22.17
Minimum —139.1 —61.19
Maximum 169.8 76.26

Table 2: Summary statistics for 10-year Treasury note returns

All summary statistics expressed as basis points of the price.

Sampling Interval Length
24 Hours 5 Minutes

Mean —0.68 0.001
Absolute mean 30.20 2.05
Standard deviation 37.91 3.15
Skewness —0.24 —0.57
Kurtosis 2.87 24.09
Minimum —109.04 —55.14
Maximum 80.66 38.84

Table 3: Frequencies of zero returns in foreign exchange and Treasury note data.

Sampling Interval Length (in seconds)
1 ) 15 30 60 300 600

FX 0.861 0.652 0.478 0.365 0.263 0.108 0.070
10-year T-Note 0.924 0.789 0.652 0.549 0.450 0.239 0.174
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Figure 1. Daily Realized Volatility Estimates

A. FX Returns
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Figure 2. Realized Volatility Signature Plots for FX Returns on 2 Specific Dates
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Realized Volatility Signature Plots and Announcement Effects
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Figure 5. Optimal Sampling Frequencies Suggested by the Bandi —Russell Method
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Figure 6. Autocorrelation Functions of Returns, Various Sampling Frequencies
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Figure 7. Optimal Choice of Bandwidth Parameter H, 1 -Second Returns
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Figure 8. Kernel -Based Realized Volatility Signature Plots
for FX Returns on 2 Specific Dates
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Figure 9. Kernel -Based Realized Volatility Signature Plots
for T -Note Returns on 2 Specific Dates
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Figure 10. FX Returns, Time -Averaged Kernel —-Based Realized Volatility Signature Plots
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Figure 11. T -Note Returns, Time -Averaged Kernel -Based Realized Volatility Signature Plots
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Figure 12. Realized Absolute Variation Signature Plots
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Figure 13. Realized Bipower Variation Signature Plots
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Figure 14. Realized Bipower Variation Signature Plots, Using Skip -One Returns
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