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PREEFACE

Since Black and Scholes (1973) established the theory
of option pricing, volatility has played an important role not
only in the derivatives pricing but also in portfolio selection
and risk management. Despite of the assumption of constant
volatility in Black and Scholes (1973), it is widely recog-
nized that volatility changes over time, and other various
stylized facts about volatility have been documented (see, e.
g. . Ghysels, Harvey, and Renault (1996) and Poon and
Granger (2003). These facts have motivated many academic
researchers and practitioners to study the dynamics of vola-
tility over the last three decades.

Since the first conditional volatility model by Engle
(1982). thousands of papers concerning conditional het-
eroskedasticity have been published, these led to the vast
ARCH-GARCH and stochastic volatility literature based on
squared returns. These prevailing approaches employed (at
most) daily data and considered volatility as an unobservable
variable that can be estimated through models. As we all
know, the traditional latent variable models have several

drawbacks, for example, it is difficult to estimate its param-
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eters, high frequency data is not utilized, standardized re-
turns are not Gaussian, forecasting is imprecise and multiva-
riate extensions are difficult.

Most recently, Anderson, Bollerslev, Diebold, and La-
by (2000) and other economists developed a new nonpara-
metric estimator of volatility which fully exploits intraday in-
formation to develop observable proxies for the ex-post vola-
tility : realized volatility.

In its standard form realized volatility is nothing more
than the square root of the sum of squared high-frequency
returns over a given non-vanishing time interval, i. e. the
second uncentered sample moment of the high-frequency
returns. Under very general conditions the sum of intraday
squared returns converges (as the number of intraday return
increases) to the relevant notion of volatility of the interval.
Thus, realized volatility provides us, in principle, with a
consistent nonparametric measure of volatility.

A model-free and error-free estimation of volatility
would allow us to treat volatility as an observable variable,
rather than a latent one, as in the GARCH(1,1) model for
example. This would open the possibility to directly
analyze, model, and forecast volatility itself. Therefore,
more sophisticated dynamic models can be directly estimated
and optimized without having to rely on the complicated
estimation procedures needed when volatility is assumed to

be unobserved. For forecasting purposes, moreover, a



PREFACE
3

better estimate of the target function allows to better extract
the real underlying signal and then improve the forecasting
performance.

Unfortunately, because of market microstructures effects,
the assumption that log asset prices evolve as a diffusion process
becomes less realistic as the time scale reduces. At the tick time
scale, the empirical data differ from the frictionless continuous-
time price process assumed in the standard theory of realized
volatility. Thus, simple realized volatility measures computed
with very short time intervals are no longer unbiased and
consistent estimators of daily volatilities.

Although some economists have developed and
investigated the measuring and forecasting methods of
realized volatility under effects of market microstructure,
there remain some deficiencies.

First of all, because data of very high frequency would
bring more errors due to microstructure effects, most
authors thought the frequency of data used to estimate
volatility should not be too high to erase market
microstructure effects. Andersen and his coworker chose a
data interval of 5 minutes when studying the volatility of
DAIJ30 stocks. Later, they developed a method called
“signature plot” to select proper data interval. However,
the optimum data interval to balance the usual measuring
error and the microstructure effects would not be unique

along all the sample periods. It seems to vary in different
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periods and different markets. At the same time, this
method wasted a lot of high frequency data.

Secondly, long memory volatility is usually obtained by
employing fractional difference operators like in the
FIGARCH models of returns or ARFIMA models of realized
volatility. However, f{ractionally integrated models pose
some problems. Fractional integration is a convenient
mathematical trick but completely lacks a clear economic
interpretation. Moreover, the application of the fractional
difference operator requires a very long build up period
which results in a loss of many observations. Finally, these
kinds of models are able to reproduce only the unifractal type
of scaling but not the empirical multi-fractal behavior found
in many recent works. So, inspired by the Heterogeneous
Market Hypothesis (HMH) and drawbacks of fractional
integration, Corsi (2004 ) propose an additive cascade of
different volatility components generated by the actions of
different types of market participants, and termed this model
HAR. In spite of the simplicity of its structure, simulation
results and empirical analyses seemed to confirm that the
HAR model successfully achieved the purpose of
reproducing the main empirical features of volatility (long
memory, fat tail, self-similarity) in a very simple and
parsimoniously way, and bears a clear economic
interpretation. According to HMH, heterogeneous market

is driven by several components, however, HAR model only
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considered one heterogeneous component of market-actors
investment behavior, and did not include other heterogeneous
component, such as actors’ investment psychology and market
trading mechanism etc. So, HAR model did not reproduce other
main features of volatility, such as asymmetry etc.

The first purpose of this thesis is to develop new
realized volatility estimators of Chinese Shanghai Stock
Market which, while fully exploiting all the available
information contained in very high frequency data, are able
to effectively correct for the bias induced by microstructure
effects. The second purpose is to extend HAR model and
develop, by building on such highly accurate realized
volatility measures, new conditional volatility models able to
provide superior and easy-to-implement volatility forecasts.

First, we analyses spurious autocorrelation of intraday
tick-by-tick returns, and draw a conclusion that stock index
and single stock have different market microstructure
effects, single stock is mainly affected by microstructure
noise and stock index is also affected by non-synchronized
transaction besides noise. So, in order to remove the cause
of the bias from the raw tick-by-tick time series, with
exponential weighting moving average (EWMA) filter which
was used in Foreign Exchange market, we eliminate effects
of noise on single stock, and regarding stock index, we
propose two stage filter method to eliminate effects of

market microstructure. Specifically, at the first stage, we
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eliminate effects of noise on stock index using EWMA filter,
at the second stage, we use autoregression (AR) filter to
eliminate effects of non-synchronized transaction, therefore,
we term this two stage filter EWMA-AR. The result is an
effective reduction of the realized volatility bias for Chinese
Shanghai Stock Market data, particularly for the most liquid
stocks by analyzing the scaling law of realized volatility.

Secondly, we investigate some characteristics of the volatility
for Chinese Shanghai Stock Market data, such as the distribution
of return, the distribution of volatility, the asymmetric effect of
volatility, and the long memory effect of volatility.

Thirdly, inspired by the HMH and drawbacks of HAR
model, we consider three heterogeneous components of market,
and they are actors’ investment behavior which is only
component in the HAR model, actors’ investment psychology
and market trading mechanism. Owing to these heterogeneous
driven components, financial data show some stylized features,
such as long memory, fat tail, self-similarity, asymmetry etc.
we term this extended model HAR-I.-M. Simulation results
seem to confirm that the HAR-1.-M model successfully achieves
the purpose of reproducing the main empirical features of
financial data and multifractal market. Results on the estimation
and forecast of the HAR-L.-M model on Chinese Shanghai Stock
Market data, show remarkably good out of sample forecasting
performance which seems to steadily and substantially

outperform those of standard models.
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