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Abstract

In this paper, we are interested in exploring the role of price impact, derived from the order book, in
modeling and predicting stock volatility. This is motivated by the market microstructure literature that
examines the mechanics of price formation and its relevance to market quality. Using a comprehensive
dataset of intraday bids, asks, and three levels of market depths for 148 stocks in the Shanghai Stock
Exchange from 2005 to 2016, we find substantial intraday impact from incoming bid and ask limit
and market orders on stock prices. More importantly, the permanent price impact at the daily level
is a significant determinant of stock volatility dynamics as suggested by the panel VAR estimation.
Furthermore, when we augment traditional volatility models with the time series of daily price impact,
the augmented models produce significantly more accurate volatility predictions at the one-day ahead
forecasting horizon. These volatility predictions also offer economic gains to a mean-variance utility

investor in a portfolio setting.
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1 Introduction

Intraday price formation and variation is a central topic in the market microstructure literature dating
back a few decades. French and Roll (1986) is an early effort which shows that stock volatility is signifi-
cantly higher during trading hours than during non-trading hours and attributes this to microstructure
phenomenon. Both theoretical and empirical studies focus on examining the sources of these intraday
price variations. Many argue that order book events are a conduit for volatility information and, intu-
itively, stock return volatility is partially determined by microstructure noise generated in the trading
process. Madhavan et al. (1997) develop a theoretical model and decompose determinants of stock volatil-
ity into public news and microstructure-induced noise, i.e., effective bid-ask spread; and Ahn et al. (2001)
establish a bilateral relation between transitory volatility and order flow. These results are in line with
those from Foucault (1999), Foucault et al. (2007), and Handa and Schwartz (1996).

Motivated by this strand of the literature, we explore in this paper whether the information content
of order book events such as the arrival of limit and market orders and trades is an important driver
of stock volatility in-sample. If the answer is affirmative, we are also interested in knowing whether
the time series of price impact is able to improve the precision of out-of-sample volatility predictions,
both in statistical and economic terms. Hence our paper crosses over between two important fields in
finance, i.e. market microstructure and volatility prediction, and extends the existing literature in which
microstructure information is adopted for the purpose of volatility modeling and forecasting such as bid-
ask spread (Bollerslev and Melvin, 1994); information flow (Gallo and Pacini, 2000); and trading volume
(Wagner and Marsh, 2005) in a GARCH-X type model.

Our empirical analysis is conducted on the Chinese stock market, a major order-driven emerging
market that enjoys exponential growth since its inception. Established in 1990, the Shanghai Stock Ex-
change (SSE) started with only eight listed stocks but over less than three decades it now trades more
than 1400 stocks with a total market capitalization of RMB 30 trillion as of July 2018.! During this

period, the market has experienced a number of major policy shocks such as the ownership structure

! See http://english.sse.com.cn/indices/statistics/market /.



reform in 2005 and more recently the ill-fated circuit breaker regulation in 2016. The less-than-stable
institutional environment may induce a different information reflection process in equity prices. Equally
importantly, the market is characterized by a disproportion of individual investors compared with devel-
oped equity markets hence the price dynamics from order book events could be different as suggested by
the asymmetric information theory (Milgrom and Stokey, 1982; Kyle, 1985). Our sample consists of 148
firms traded on the SSE, all of which are component stocks of the Chinese CSI 300 index, and covers a
variety of sectors. The data are intraday bid and ask quotes over three depth levels over a long sample
period from January 2005 to August 2016.2

We contribute to the literature by offering a comprehensive study that explores the price impact of
order book events in this young, dynamic yet important emerging market, and reveals how the price
impact of incoming orders affects volatility and improves its prediction accuracy.®> Methodologically, we
first follow Hautsch and Huang (2012) and estimate the price impact of incoming limit and market orders
by a vector autoregression (VAR) framework. The econometric framework is able to consider the short-
and long-run impact of buy and sell orders via impulse response functions. We then investigate whether
the price impact significantly affects stock volatility via a panel VAR model that allows us to evaluate the
price impact on the volatility of all sample stocks simultaneously. Finally, we include the price impact
as additional variable in two commonly used volatility models, the standard GARCH model of Bollerslev
(1986) and the heterogeneous auroregressive (HAR) realized volatility model of Corsi (2009), and compare
the forecasting accuracy of the augmented models with the original models in statistical and economic
terms.

We reveal a host of interesting findings. First, we document substantial price impact of incoming
limit and market orders similar in magnitude to that of developed markets (Hautsch and Huang, 2012),
and a significant relation between price impact and volatility in the Chinese equity market. Both ask and

bid prices tend to shift significantly after the arrival of a buy or sell limit or market order. The impact is,

2 Our sample compares favourably to 50 US stocks for a sample period of 21 days in Cont et al. (2014); 30 stocks in the
Euronext Amsterdam exchange with a two-month sample periods in Hautsch and Huang (2012); and 100 stocks in Nasdaq
over two years in Engle and Patton (2004).

3 The only related study is Jain and Jiang (2014), which shows that the limit order book slope consistently and significantly
predicts future price volatility. However, the paper does not model the price impact of incoming orders nor evaluates the
forecast accuracy of volatility.



however, asymmetric: we show that the magnitude of price impact induced by a market order is generally
larger than that by a limit order. We also notice that the arrival of a sell market order gives rise to a
larger impact on ask or bid prices than a buy market order. The permanent price impact induced by
incoming limit and market orders is highly significant, indicating that incoming orders contain substantial
information and contributes to the price discovery process. This is consistent with the existing literature
that order book events play an important role in the price formation process in many developed markets.

Second, adopting a panel VAR model which allows us to gauge the effect of permanent price impact
series on all sample stocks, we show that changes in aggregate daily price impact cause significant changes
in stock volatility. This is the first piece of evidence on the link between stock volatility and the price
impact of incoming limit or market orders and in line with the theoretical framework in Madhavan et al.
(1997) that microstructure noise is an integral part of the information source for volatility.

Third, by adding daily permanent price impact to GARCH and HAR models, the out-of-sample
accuracy of volatility forecasts is significantly improved. We adopt the popular Diebold and Mariano
(1995) pairwise comparison and show that the augmented GARCH-X and HAR-X models with the time
series of price impact consistently produce statistically smaller forecasting errors across three different loss
functions. Furthermore, for a mean-variance utility investor who allocates her wealth between a stock and
the riskfree asset, the volatility predictions from augmented models lead to significantly higher annualized
portfolio returns, Sharpe ratio, and certainty equivalent returns in a portfolio setting across a range of
risk aversion levels. These novel findings support our conjecture that price impact of incoming order
book events contains valuable information for volatility and adding the information improves volatility
forecasting precision in statistical and economic terms.

The rest of the paper is organized as follows. Section 2 reviews relevant literature in market mi-
crostructure and volatility modeling. Section 3 describes the methodology adopted in this study. In
Section 4, we introduce the data and analyze empirical results. Finally, Section 5 concludes. Additional

materials are provided in the Appendix.



2 Literature review

In an order-driven market there is no designated market maker for liquidity provision. Instead traders
choose to submit limit and/or market orders which will automatically be matched by an electronic trading
system and thus change the pending volume and the best bid or ask quotes. Glosten (1994) derives the
equilibrium price determined by bid and ask quotes in an open order book for an order-driven market;
while Foucault (1999), Foucault et al. (2005), Goettler et al. (2005), Goettler et al. (2009), Rosu (2009)
capture the dynamics of a limit-order market via game theoretic models. To date, limit order trading
has been examined worldwide in the NASDAQ (Cont et al., 2014; Eisler et al., 2012), the Deutsche
Boerse (Riordan and Storkenmaier, 2012), the Oslo Stock Exchange (Naes and Skjeltorp, 2006), the Paris
Bourse (Biais et al., 1995, 1999), the Euronext Amsterdam (Hautsch and Huang, 2012), the Tokyo Stock
Exchange (Hamao and Hasbrouck, 1995; Lehmann and Modest, 1994), the Australian Stock Exchange
(Cao et al., 2009), and the Heng Seng Stock Exchange (Ahn et al., 2001).

Thanks to the availability of high frequency data, one important line of research in the order-driven
market in recent years is to understand price impact of orders since it is a fundamental mechanism of
price formation (Cont et al., 2014; Gencay et al., 2018; Wilinski et al., 2015). Dufour and Engle (2000),
Easley et al. (1996), Engle and Patton (2004), Hasbrouck (1991) and Jang and Venkatesh (1991) explore
how characteristics of trades such as frequency, size, order flows and bid-ask spread contribute to price
formation. However, focusing only on trades misses out the rich information contained in quotes, which
provide a more detailed picture of price formation (Engle and Lunde, 2003). For example, Weber and
Rosenow (2005) show that arriving limit orders play an important role in determining price dynamics;
Knez and Ready (1996) argue that outstanding limit orders significantly affect individual orders; and Cont
et al. (2014) investigate the instantaneous impact of order book events on equity prices and conclude that
price changes are mainly driven by the order flow imbalance. Most relevant to our paper, Hautsch
and Huang (2012) quantify price impact based on the framework of Hasbrouck (1991) and Engle and
Patton (2004). It measures the price impact of limit orders as the implied expected short- and long-run

shifts of ask and bid quotes after submission. Its novel econometric framework captures relevant trading



characteristics and provides a comprehensive description of the order book.

Meanwhile, the importance of volatility, which is central to portfolio allocation, derivative valuation,
and risk management, is well documented. The literature on volatility modeling has made significant
advancement since the seminal work of Engle (1982) (see Andersen et al., 2003; Engle et al., 2013;
Hansen and Lunde, 2011). One strand in this literature extends volatility modeling by incorporating
market microstructure variables in low-order ARCH family of volatility models. Bollerslev and Melvin
(1994) document empirical evidence that the size of bid-ask spread in the foreign exchange market is
related to the exchange rate volatility in a GARCH framework. This is consistent with theories of
asymmetric information in bid-ask spreads. Adding a measure of overnight information flow between
market close and open, Gallo and Pacini (2000) reveal a significant relation between this measure and
stock volatility in GARCH and EGARCH settings. Furthermore, trading volume is another popular
microstructure measure extensively explored in the volatility literature and shown to relate to asset
volatility (see Fleming et al., 2008; Lamoureux and Lastrapes, 1990; Wagner and Marsh, 2005). Our

paper is motivated by and contributes to both strands of the literature.

3 Econometric framework

We first follow Hautsch and Huang (2012) in modeling and quantifying price impact via a restricted
VAR model. The vector of variables includes the logarithmic values of best bid/ask limit and market
quotes, the best three volumes on both sides of bid and ask for limit and market orders, and trades.
The short- and long-run price impacts are estimated via the impulse response function of the VAR and
the long-run impact is considered the permanent price impact and included in the volatility forecasting
exercise. The details of the VAR model are summarized in Appendix A. In this section, we focus on the
panel VAR (PVAR) model to examine the relevance of price impact to stock volatility in-sample, and

how the information can be utilized in out-of-sample forecasting exercises.

4 The restrictions are specified in Appendix A.



3.1 The PVAR model

Given the theoretical and empirical evidence on the relationship between market microstructure vari-
ables and asset volatility, we hypothesize that the price impact of incoming orders exerts significant
impact on stock volatility. We use permanent price impact of incoming limit and market orders since it
represents equilibrium price changes induced by order book events. We adopt a VAR framework in which
all variables are treated as endogenous and interdependent both in a dynamic and a static sense. The
impulse response function of the VAR system is able to reflect the change in one variable driven by the
change in others.

We construct the VAR system that includes daily stock volatility estimated by the GARCH or the
HAR model, and daily permanent price impact induced by arriving bid and ask limit and market orders.
We use daily data as it is the most commonly used frequency in the volatility forecasting literature. The
price impact series for each stock are estimated at the intraday frequency through the impulse response
function in Eq. (A8) based on the estimation of the VAR model in Eq. (A2), and aggregated to daily
level by adding intraday observations.

It is tedious to estimate the VAR stock by stock with permanent price impact series. It is also difficult
to draw a general conclusion on the relationship between price impact and volatility through individual
estimation. To overcome this difficulty, we implement a PVAR model which has the same structure as
VAR models but a cross-sectional dimension is added to the representation. PVAR models have been
increasingly applied in finance and economics literature (see Beetsma and Giuliadori, 2011; Canova et al.,
2007; Canova and Ciccarelli, 2012; Holtz-Eakin et al., 1998; Love and Zicchino, 2006, for example). They
are particularly suited for questions such as incorporating time variation in the coefficients and in the
variance of shocks, accounting for the cross-sectional dynamic heterogeneity, and identifying links across
units in an unrestricted fashion (Canova and Ciccarelli, 2013). We take advantage of the cross-sectional
feature in PVAR models by including all sample stocks and evaluating their volatility dynamics in the
presence of the time series of price impact. This allows us to obtain a comprehensive picture of the

relationship.



Following Abrigo and Love (2016a), we define the k-variate homogeneous PVAR model of order p

with panel-specific fixed effects as follows:

Yia =Yg 141 +Yig 240+ ... + Yig pr1Ap 1+ Yig_pAp + u; + €iq, (1)
where i = 1,2,..., N, and N is the number of panels, i.e. the number of stocks in our sample; d =
1,2,...,D;, and D; is the number of days in the sample for each stock i. For each panel, Y;gisa 1 x k

vector of dependent variables; u; and e;q are 1 X k vectors of dependent variable-specific panel fixed-
effects and idiosyncratic errors, respectively; the k x k matrices Ay, ..., A2, Ap—1, A, are parameters to
be estimated. Consistent parameters are obtained via an equation-by-equation generalized method of
moments (GMM) procedure (Abrigo and Love, 2016a).

To investigate the relationship between price impact and volatility, the impulse response function
specified in the PVAR model is of great interest. Re-writing the model as an infinite vector moving
average (VMA), the simple impulse response function ®; can be expressed as follows:

I, = 0
¢ = (2)

Y PajAj, 1> 0
where ®; are the VMA parameters. In our study, we adopt the bootstrap re-sampling method following
Kapetanios (2008) with 100 Monte Carlo draws to estimate the confidence interval of the impulse response

function. The system of PVAR is constructed as follows:
Yia = [Volig, LBid2P;4, LAsk2P;;, MBid2P,, MASk2PZ'd]T , (3)

where for stock ¢ on day d, Vol denotes stock volatility, which is proxied by the GARCH volatility in
Eq. (5) or the realized volatility in Eq. (6) specified below. Furthermore, LBid2P;; and LAsk2P;; are
the permanent price impact incurred by bid limit orders and ask limit orders, respectively; and MBid2P;4

and MAsk2P;; are the permanent price impact incurred by bid market orders and ask market orders,



respectively, for stock ¢ on day d. They are obtained by aggregating intraday price impact to the daily

level following Eq. (A8).5

3.2 Volatility modeling and forecasting

The GARCH model

The generalized autoregressive conditional heteroskedasticity (GARCH) model of Bollerslev (1986)
takes account of the time-varying volatility clustering of most financial time series and has been widely
applied in many studies (see Andersen and Bollerslev, 1998b; Chortareas et al., 2011; Glosten et al., 1993;

Jiang et al., 2017; Martens, 2001). We use the most parsimonious GARCH (1,1) in our study:

na = pted, €dlQa-1 ~ t(0,0%), @)

0'2 =K+ 503_1 + 0663_1, (5)

where ny represents daily return series as the difference between the logarithmic prices on day d and day
d — 1, p is the mean, ¢4 is the innovation conditional on the information set and follows a t-distribution
denoted by t, with zero mean, variance 03, and v degrees of freedom. In addition, 8 is the GARCH
component coefficient and « is the ARCH component coefficient. The GARCH model requires that
a+ B < 1 for the volatility process to be stationary. Note that the volatility oy estimated in Eq. (5) is

used in the PVAR of Eq. (3).

The HAR model

Proposed by Corsi (2009), the HAR model is a simple AR-type model in realized volatility that
considers different volatility components realized over different time horizons. We choose this model for
its ability of capturing the main empirical characteristics of financial returns such as long memory, fat tails

and multi-scaling which cannot be handled by traditional short-memory models such as the GARCH. The

5 We follow Abrigo and Love (2016b) and Schniicker (2016) in setting two identifying restrictions. First, no dynamic in-
terdependencies, i.e. no lagged impact from LBid2P, LAsk2P, Mbid2P, or MAsk2P on each other; second, no cross-sectional
heterogeneity, i.e. homogeneous coefficient across different stocks are obtained. The orthogonalized impulse response func-
tions are based on the Cholesky decomposition.



HAR model also overcomes undesirable features of fractional integration models such as artificially mixing
long- and short-term characteristics, difficulty in estimation, and inability in handling the multi-scaling
feature (Comte and Renault, 1998). Most importantly, it exhibits remarkable forecasting performance
(Corsi, 2009) and hence has been widely adopted in the literature (see Chiriac and Voev, 2011; Dimpfl
and Jank, 2016; Fernandes et al., 2014; Hillebrand and Medeiros, 2010, for example). The model includes

additive cascade of volatility components defined over different time horizons as follows:
RV,? = c+ BYRVY, + B RV™) + RV 4 €Y, (6)

where RVd(d) , RVd(w) , and RVd(m) represent daily, weekly and monthly volatility components, respectively,
on day d. The daily realized volatility RV;i(d) is calculated by aggregating intraday squared returns as
shown in Eq. (9) below. The weekly and monthly realized volatilities are simple averages of the daily
realized volatility:

v 1

RV = = (RV{" + RV%, + -+ RV{%)). (7)
w1

RV™ = = (RVi? + RV + -+ RV(Y,)). (8)

Irrespective of their actual frequency, volatility quantities are annualized to facilitate comparison between
different frequencies. Note that the realized volatility RVd(d) estimated in Eq. (6) is used in the PVAR

of Eq. (3).

Proxy for latent volatility dynamics

The true volatility is an unobservable latent variable. In the literature, the most popular proxy is the
realized volatility (RV) proposed by Andersen and Bollerslev (1998a). This is obtained by aggregating
intraday squared returns. We follow this approach and construct a realized volatility series using 4-6

second logarithmic return series as follows:

T

~2 2

Urv,d = Z Td,t? (9)
t=1



where 6, 4 is the realized volatility for day d and 1“3 ; is the squared intraday logarithmic return on day d
for time index t (t =1,2,...,T). We use 6, 4 as the proxy for the true volatility to evaluate the accuracy

of out-of-sample forecasting performance in Egs. (13)-(15).

Forecasting models

To incorporate information content of price impact into volatility forecasting, we include the time
series of permanent price impact of incoming buy and sell limit and market orders into the baseline
GARCH and HAR models in Eq. (5) and Eq. (6), respectively, and formulate the GARCH-X and HAR-
X models to produce out-of-sample volatility forecasts. The factor X in the GARCH-X and HAR-X
models are either the permanent price impact of buy and sell limit orders or the permanent price impact

of buy and sell market orders. The GARCH (1,1)-X model is defined as follows:

Nq = p+ €d, €alQa-1 ~ t,(0,03), (10)
03 =K+ Boi_i +aes_; +11LBid2P; 1 + 19LAsk2P, 1, (11a)
03 =K+ o3| +aei | + v MBid2Py_ + 12MAsk2P, ;. (11b)

We include the price impact of limit and market orders separately into the model to distinguish their
information content for volatility modeling for each stock resulting in 148 x 2 estimations. Similarly, we

do the same to form a HAR-X model as follows:

RV, = ¢ + BORVY + @RV + B RV™) 4 4 LBid2Py_; +19LAsk2P  + P, (12a)

RV, = ¢4 BDRVD + @RV 4 W RVI™ 4 5 MBid2P, 1 + 7aMAsk2Py_1 + €. (12b)

Forecast evaluation

The in-sample coefficient significance does not always translate to out-of-sample forecasting accuracy,

10



which is a more relevant task for investors and traders. Hence we compare the out-of-sample performance
between benchmark GARCH and HAR models and augmented GARCH-X and HAR-X models. For each
stock, we select the first 80% of data for the in-sample estimation and use the remaining for out-of-
sample prediction. We use a rolling window scheme and compute one-day ahead forecast. We evaluate
the forecasting accuracy using three popular loss functions: the root mean squared error (RMSE), the

mean absolute percentage error (MAPE), and the mean absolute error (MAE) as follows:

1
2

M
1 R 2
RMSE = [ Z Varg] — UZv,d—i—l) ] ) (13)
d=1
M 2
100 o | var
MAPE _ ﬁ Z d+12 ’rU d+1 , (14)
d=1 O ,d+1
1 M
MAE = M Z ‘Vé,rd_t'_l — 6'3U7d+1| 5 (15)

i
I

where M is the number of days in out-of-sample period, vargy; is the one-day ahead forecasted variance

obtained either from Egs. 11(a,b) or Eqs. 12(a,b), and 62, ,,, is the proxy for true variance in Eq. (9).

rv,d+

The model with smaller forecasting error is not necessarily superior to competing models as the dif-
ference between two forecasts can be insignificant statistically. To take such considerations into account,
Diebold and Mariano (1995) (DM henceafter) propose a pairwise comparison test between two forecasting
models. The DM statistic follows an asymptotic standard normal distribution under the null hypoth-
esis. We implement the test to provide statistical evidence of whether an augmented volatility model

outperforms the benchmark model in providing statistically more accurate forecasts. The test statistics

is defined as follows:

E

(16)

d:
where ALossgy1 is the difference of forecasting errors between the benchmark and competing models,
and € is the consistent estimate of the asymptotic variance M ~0-° chyz 1 ALossg4+1. The null hypothesis
is Hyp : E[ALossg+1] = 0. A positive (negative) and significant ¢-statistic suggests that the competing

(benchmark) model significantly outperforms the counterpart model and is preferred with more accurate



volatility forecasts.

Portfolio exercise

A strong statistical performance does not indicate economic gains to investors. Therefore we analyze
the economic value of volatility forecasts assuming a mean-variance utility investor who allocates her
wealth between one of the Chinese stocks in our sample and a risk-free asset. We follow Rapach et al.

(2010) and Wang et al. (2016) to construct the utility function as follows:

1
Ua(rq) = Eq (wgrq + rq,f) — 3704 (warq +ra,f) (17)

where on day d, wg is the weight of the stock in the portfolio, rg4 is the stock return in excess of the
risk-free rate, 74 ¢, and - denotes the level of risk aversion. We maximize the utility function Uy(rq) with

respect to the weight wy and obtain the ex ante optimal weight on day d + 1:

17
g =~ [ 2, (18)
T\ %441

where 7441 and 6’3 11 are the forecasted mean and volatility, respectively, of excess returns to the stock.

The risk-free rate is the short-term government lending rate.
Following Rapach et al. (2010) and Wang et al. (2016), we take the historical average as the mean

forecasts for returns, 7fyy1 = Zd

j=17j- Hence, for each level of risk aversion +, the optimal weight

Wy = % <2§“ ) of the portfolio is only determined by the volatility forecasts as different strategies share
d+1

the same mean forecasts of returns. We use the Sharpe ratio (SR):

Pp
1
SR z, (19)

and the certainty equivalent return (CER):

CER = i, — (20)

o2

12



to evaluate the performance of the portfolio, where fi,, and fi,, are the mean portfolio excess returns at d
and d+ 1, respectively, and 7, and &12) are the standard deviation and variance of portfolio excess returns
at d and d+ 1, respectively. For robustness, we adopt v=3, 6, and 9 to capture different levels of investor

risk aversion.

4 Data and empirical results

Data

Our intraday data are obtained from the China Security Market Trade & Quote (Level 1) of the China
Stock Market & Accounting Research (CSMAR) database. We use stocks listed in the Shanghai Stock
Exchange which are component stocks of the Chinese CSI 300 index, also the largest and most liquid
stocks across different sectors. We exclude the financial and banking sector and companies with less than
three years of data. Our final sample includes 148 stocks with starting date ranging from August 2005
to May 2012 and the ending date is 31 August 2016 for most stocks. Table 1 summarizes descriptive
statistics of 60 randomly selected stocks from our sample. The selected stocks cover 12 industries with
a variety of sizes, turnovers, and growth prospects. The number of observations range from 1,890,581 to
7,095,527 due to different starting dates. In Table 2 we provide a cross-sectional snapshot of all sample
firms by year. With such a comprehensive sample, our empirical findings are free from biases due to stock
characteristics or sample period.

Because of the information disclosure restriction of the Chinese Securities Regulatory Commission,
all publicly available stock price data in China only contain aggregate order book information over at
best four-second intervals and at most five levels of depth volume in terms of turnover and without clear
indication of whether the order is a buy or sell. A snapshot of the raw data is provided in Table Al.
Hence, we need to classify raw data into equivalent order book events before performing our analysis.
We follow Ellis et al. (2000) and adopt their algorithm which is shown to be more accurate than the

well-known Lee and Ready (1991) procedure. Details of the algorithm are provided in Appendix B.

Empirical analysis

13



Table A2 tabulates the descriptive statistics of the daily permanent price impact of bid limit orders
(LBid2P), bid market orders (MBid2P), ask limit orders (LAsk2P) and ask market orders (MAsk2P),
respectively, for the first 30 selected stocks (code from 600009 to 600690) that are also shown in Table 1.
These permanent price impacts are the long-term impulse response to incoming limit and market orders
obtained via the VAR model. The average value for the price impact tends to be small with the order
of magnitude at 1073, Not surprisingly, the price impact from buy limit and market orders are positive,
whereas that from sell limit and market orders are negative. The average of price impact shows that in
most cases, the market orders generate greater price impact than limit orders.

Figure 1 illustrates typical price impact in the Chinese equity market. In this figure, we plot the
instantaneous price impact for the Shanghai Electric Power company (Stock ID 600021) on a randomly
selected trading day. The price impact is measured as the change in bid/ask price in basis point induced
by a change in buy/sell limit or market orders equal to half the magnitude of level one depth against
event time. We also show the 95% confidence interval of the price impact. We notice some interesting
patterns. First, it is very clear that there exists substantial impact from the incoming limit or market
orders to prices, both in the short- and long-run. This is consistent with the findings documented in
Hautsch and Huang (2012) and suggests that in China, a young and emerging order-driven market, the
price impact of order book events is as great as, if not more than, that in well developed equity markets.

Second, the market order depicted in (¢) and (d) of Figure 1 gives rise to greater permanent price
impact compared with the limit order shown in (a) and (b). In terms of basis point, the price impact
of the limit order is between -1 and 2.5 whereas for market orders it is between -8 and 4. This result
is in line with the theoretical prediction in Rosu (2016) that informed traders choose to submit market
order when the mispricing between the privately held fundamental asset value and the publicly expected
fundamental value is substantial, which leads to greater price impact for market orders.

Third, the sell market order drives greater price impact both in the short- and long-run than the
buy market order. This may link to the asymmetric effect that negative news, signaled by sell market
orders, tends to cause larger price changes than positive news, signaled by the buy market order. For

limit orders, the buy order exhibits greater impact on price than sell order. Since the limit order could
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be submitted by informed or uninformed traders, it is ambiguous whether differences on the price impact
between buy or sell limit orders exist.

Finally, for limit orders in (a) and (b) the price impact on the bid price converges to the permanent
impact quicker than ask price; however for market orders in (c) and (d) the price impact on the ask price
converges to the permanent impact sooner. This reflects different speed of price discovery process given
different orders, i.e. buy or sell limit or market orders carry different information.

Although Figure 1 shows the price impact for one stock on a particular day, the patterns are repre-
sentative of the price impact of order book events for the whole market. Once we establish the existence
of substantial price impact in the Chinese equity market, we are interested in exploring how and to
what extent the information content can be utilized in gauging the quality of the stock market, i.e. the
volatility. We focus on the volatility as Ahn et al. (2001) and Madhavan et al. (1997) show in their
theoretical framework as well as empirical evidence a link between intraday microstructure variables such
as the bid-ask spread and order flow and intraday transitory volatility. We go one step further to explore
whether this relation exists at the daily level between price impact and stock volatility.

In Figure 2 we depict the impulse response of the volatility from the GARCH and HAR models
induced by the change in the permanent price impact in the panel VAR framework when the estimation
is conducted simultaneously on all sample stocks. For clarity we plot the impulse response separately for
limit and market orders although the estimation is conducted in one go for (a) and (b) in the GARCH
framework and for (c) and (d) in the HAR setting. We observe a substantial change in the unit standard
deviation of GARCH/HAR volatility as a result of one standard deviation change in the price impact
induced by buy and sell limit and market orders. Furthermore, the bid limit order shows a stronger
impact on volatility which is about twice as large as that of the ask limit order; it also dies out slightly
slower. The same pattern can be observed when we examine the influence of price impact on the HAR
volatility in Figure 2(c): the impact from the bid limit order is greater in magnitude than that from the
ask limit order, and dies out more slowly. However, if we look at the price impact of bid and ask market
orders on volatility, we notice that the impact of ask market order is greater in magnitude compared

with that of bid market order for both GARCH and HAR volatilities. Overall Figure 2 supports our
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hypothesis that the price impact is part of the information source that drives stock volatility.

Table 3 summarizes the in-sample parameter estimates for the GARCH-X and HAR-X models for
selected stocks. For the GARCH-X model, we note that estimates for GARCH parameters o and /3 are
both highly significant, and they add up to less than one indicating a stationary GARCH process. The
coefficients v and 79, which are of great interest, capture the loading of permanent price impact in the
volatility model and they are highly significant at the 1% level for the majority of stocks, suggesting
substantial impact of these variables on the in-sample volatility estimation. Meanwhile, for the HAR-X
model, we find that the 3 coefficient for the weekly realized volatility is highly significant at the 1% level
consistently; whereas it is hardly significant for the daily and monthly realized volatilities. The in-sample
estimation summarized in this table suggests that the price impact, when aggregated to the daily level,
makes a significant contribution to volatility estimation.

In-sample parameter significance does not always translate to out-of-sample forecasting improvement.
Hence we conduct the Diebold and Mariano (1995) pairwise comparison to evaluate the out-of-sample
forecasting accuracy between benchmark GARCH and HAR models and augmented GARCH-X and HAR-
X models, respectively. In Table 4 we report the average forecasting errors for the three loss functions, i.e.
RMSE, MAPE, and MAE and conduct a simple test to see if the cross-sectional average of 148 individual
stocks is significantly different between the GARCH and GARCH-X (HAR and HAR-X) models. In
addition, we also provide descriptive statistics, including the mean, minimum and maximum, of ¢-statistics
for the DM test for individual stocks. The results exhibit clear patterns. First, the average prediction
error is reduced substantially when the time series of limit and market price impact are augmented
to benchmark GARCH and HAR models. For example, when RMSE is the loss function, the average
volatility prediction error is reduced from 3.49 for the GARCH model to 0.50 for the market order price
impact-augmented GARCH model and the difference is significant at the 1% level. Similarly, regardless
of which loss function we examine and whether we focus on the augmented model with price impact of
limit or market orders, forecasting errors drop significantly. Second, the summary of DM ¢-statistics show
that the differences between benchmark and augmented models are invariably significant. For example,

the one-day ahead forecasts of market order price impact-augmented HAR model is strongly preferred to
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the HAR model with an average t-statistic of 10.17 using the MAE, and the minimum ¢-statistic is 8.01.
These results support our conjecture that the information content of the price impact inferred from order
book events, when aggregated to the daily level, is highly relevant and able to substantially improve the
out-of-sample volatility prediction accuracy.

Statistical improvement does not indicate economic gains to investors when volatility predictions are
used in trading strategies. Hence we conduct a simple portfolio exercise to gauge the economic value
of volatility forecasts. As we assume that expected returns to individual assets are the same as their
historical average, overall portfolio returns as well as weight for the stock hinge upon the accuracy of
stock volatility forecasts and investor risk aversion. In Table 5 we summarize the cross-sectional average
of annualized portfolio returns, the Sharpe ratio and the certainty equivalent return with three different
risk aversion levels for benchmark GARCH and HAR models and augmented GARCH-X and HAR-X
models for our sample stocks. The first thing we notice is that the cross-sectional average of portfolio
return, the Sharpe ratio and the certainty equivalent return all increase significantly when we move
from benchmark models to augmented models. This is shown by the high ¢-statistic in parentheses. For
example, when the level of risk aversion is low at v = 3 the market order price impact-augmented GARCH
model offers an average annualized return of 6.12%, significantly higher than 5.32% by the benchmark
GARCH model (t-statistic = 27.50). The Sharpe ratio increases from 0.28 to 0.33 (¢-statistic = 25.58),
whereas the certainty equivalent return goes up from 2.51% to 3.12% (¢-statistic = 27.85). As the risk
aversion level increases from 3 to 9, the returns and adjusted returns gradually drop but the pattern that
the augmented models offer significantly improved portfolio returns, Sharpe ratio and certainty equivalent
returns remains unchanged. This attests to the enhanced economic value of volatility forecasts when they

contain information implied in the price impact.

5 Conclusion

In this paper, we aim at examining the order book events and studying their price impact on stock

volatility. This is motivated by the rich market microstructure literature that explores the mechanics of
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the price formation in both quote- and order-driven markets. Furthermore, as volatility is shown to be
partly driven by market microstructure related information, we are interested in knowing whether the
information content of price impact extracted from order book events is relevant to volatility estimation
and forecasting. We take these questions to the data and utilize quotes and three levels of market depths
for 148 stocks traded on the Shanghai Stock Exchange, which are also component stocks for the Chinese
CSI 300 index, between August 2005 to August 2016. Based on econometrics framework including
the VAR and panel VAR models, we reveal a number of interesting findings. We show that there is
substantial impact of incoming order book events on bid and ask prices in China, which is consistent
with evidence in the existing literature on other equity markets. We further find that the time series of
price impact are significant factors when added to traditional GARCH and HAR volatility models. More
interestingly, the information content of the time series of price impact is able to significantly improve
volatility prediction accuracy for individual stocks and offer economic gains to a mean-variance utility
investor. Our comprehensive examination of the order book events is thus relevant to traders, fund

managers and regulators alike.

Appendix A. The VAR model for price impact

To capture the dynamics of bid/ask quotes and depths and estimate the price impact induced by
incoming limit and market orders, we use a restricted co-integrated VAR model, an appropriate model
as ask and bid quotes are naturally integrated and tend to move in locksteps. The VAR has been used
for measuring the price impact in Hasbrouck (1991), Easley et al. (1996), Engle and Patton (2004), and
Hautsch and Huang (2012), among others. Following the specification in Hautsch and Huang (2012), we

represent the limit order book system as a K = (4 + 2 x k)-dimensional vector as follows:

,1 kb1 bk
yt:[p?api)?Ug 7--')1}1(51 7Ut ?"'7’Ut 7BUYt7sth]T7 (Al)
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where ¢ denotes the time index for all order book activities, p¢ and p? represent the logarithmic values
of best ask and bid quotes instantaneously after the ¢-th order activity, and vy * and vf’k denote the
logarithmic volumes at the k-th best ask and bid quotes, respectively. Hautsch and Huang (2012) suggest
that aggressive limit orders placed close to the best ask and bid have the highest price impact while
induced price effect massively declines down the depth level. We follow their method and focus on the
best three quoted prices, denoted k = 1,2, 3, in the empirical analysis. Buy; and Sell; are two dummy
variables indicating the occurrence of buy and sell trades, respectively. Using logarithmic values not only
helps reduce the impact of very large observations but also implies that changes in market depth can be
interpreted as relative changes with respect to the current depth level.

Hence we model the logarithmic bid and ask quotes, the corresponding volumes, and the trade dummy

variables as a VAR(p) with the following vector error correction (VEC) form:

p—1
Ay = p+aflyq + Z Ui Ay i + uy, (A2)
i=1

where u; is the white noise with covariance matrix ¥,, p is a constant, I';,i = 1,...p—1isa K x K
parameter matrix, and a and § are K x r coefficient matrices with » < K. We estimate this VEC model
using the Full Information Maximum Likelihood (FIML) estimator of Johansen and Juselius (1990) and
Johansen (1991). To analyze the impulse response, we follow Lutkepohl and Reimers (1992) and transform

the parameters of this VEC model to a reduced VAR representation as follows:

p
ye=p+ Y A+,
i=1

where A; =T; — T, 1 <i <p, Ay = Ig +af? + Ty and A, = —T,,_1, while Ix is a K x K identity
matrix.
The mechanics of price impact of incoming orders is as following: A limit order placed at the price

equal to or lower (higher) than the best bid (ask) price will change the existing accumulated volume in

5 When estimating the cointegrating matrices o and 8 in Eq. (A2), we impose the restrictions on the first two columns
of B as follows: 81 = [0,...,1,0]" and B2 = [0, ...,0,1]" for the trading indicator BUY; and SELL;, which are assumed to be
stationary following Hautsch and Huang (2012).
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the order book. A limit order placed inside the spread, i.e. higher (lower) than the best bid (ask), will
change the best bid (ask) as well. A market order will change the volume on the other side of the order
book since it incurs immediate execution. If the size of a market order is larger than the volume at the
first level on the other side, it will move the second best price on the other side after eating up the volume
at the first level.

We define shocks induced by incoming limit and market orders to the system of quotes, depths and

/ !

trading indicators in terms of an impulse vector § = [, 0 (5;,], with d,, denoting a 2 x 1 vector consisting

pr Qv
of shocks to the quotes, §, being a 2k x 1 vector associated with shocks to depth and d4 being a 2 x 1
vector representing shocks to the trading indicator dummy. Imagine the following scenario: if a buy limit
order is placed at the best bid price with half the size of vf’l, where vf’l is the volume at the best bid
price of order book at time ¢, the best bid and ask prices of the new order book remain the same thus
pf)—tﬁl =1 and % = 1. The depth at the best bid level is aggregated to vfjrll =1.5x vf’l but the depth

at other levels remains the same. The shock vector §;, with elements of changes of quotes, depths and

trading indicators from time ¢ to t + 1 can then be represented as follows:

1.5 x vt

T
o In(1),In(1),In(1),In(1),In(1),In < ) ,In(1),1n(1),0, 0] (A3)

= [0,0,0,0,0,In(1.5),0,0,0,0]"

b1
Ut

= [0,0,0,0,0,0.41,0,0,0,0]" .

Similarly, for a sell limit order placed at the best ask price with half the size of v}’ ’1, the volume at the

best ask price, the shock vector can be represented as follows:

& = [0,0,In(1.5),0,0,0,0,0,0,0]" (A4)

= [0,0,0.41,0,0,0,0,0,0,0]" .

The shock vector for a buy market order with half the size of v} ’1, the volume at the best ask price, can
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therefore be represented as follows:

& = [0,0,1n(0.5),0,0,0,0,0,1,0]" (A5)

= [0,0,—0.69,0,0,0,0,0,1,0]" .

Finally, for a sell market order with half the size of vtb ’1, the volume at the best bid price, the shock vector

can be represented as follows:

& = [0,0,0,0,0,1n(0.5),0,0,0,1]" (A6)

= [0,0,0,0,0,-0.69,0,0,0,1]" .

These four shock vectors, corresponding to common trading scenarios faced by market participants, are
adopted in our study.”

The short-run price impact on bid and ask prices induced by limit/market orders that come into the
market could thus be quantified as the implied expected short-run shift of the bid/ask prices after the
submission of the orders. This can be captured by the following impulse response function (IRF) of the
system of Eq. (Al):

f(h;6t) = Elyrenlye + 06, ye—1, ) — Elyrenlye, ye—1, -], (A7)

where h is the number of periods measured in order event time, d; is the shock vector defined above.
For the long-run price impact, we apply the Engle and Granger (1987) Representation theorem to
decompose the VEC model in Eq. (A2) into long-run components that obey equilibrium constraints and

short-run components that exhibit a flexible dynamic specification.

ye =CY (ui+p) + Ci(L)(us + p) +V, (A8)
=1

" We have also explored alternative specifications whereby the limit and market orders are of one fourth (three fourths)
of vi’ L or vy "' and found that the instantaneous and permanent impacts are smaller (bigger) than the case we study. These
are consistent with the scenario analysis in Hautsch and Huang (2012).
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where )

p—1
C=p5 <a{ (IK —~ Zn) m) o, (A9)
i=1

and L is the lag operator. The Engle-Granger Representation theorem decomposes y; into three com-
ponents: a random walk C, a stationary process Ci, and a deterministic V. Since C1(z) is convergent
for |z| < 1+ € (¢ > 0), the impulse response incurred by this component is zero in the long run. The
deterministic V', which depends on initial values such that 7V = 0, is irrelevant to the impulse response
when h — oco. The permanent response of y; is therefore determined by C Zle(ui + ) and used as the
price impact in volatility modelling and forecasting exercises.

For each stock, we use the highest frequency available in our dataset, i.e. four to six seconds, and
implement the above procedures. We obtain eight short-run price impact series: buy limit/market order
on the bid price, buy limit/market order on the ask price, sell limit/market order on the bid price, and
sell limit/market order on the ask price; and four permanent price impact series: buy limit/market order

on prices and sell limit/market order on prices.

Appendix B. Order classification

To identify the equivalent order book events, we group order book activities into two categories: the
placement of buy/sell limit order, and the execution of buy/sell market order. Both categories include
two scenarios: depth changes and bid/ask price changes. Two adjacent order book records are denoted

as OB; and OByy;. Different scenarios are described below and illustrated in Figure Al.
1. The placement of buy/sell limit order

e Depth changes
If two adjacent order book records have the same bid and ask prices while the depths of OBy
at bid or ask side are deeper than the ones of OBy, as illustrated in Figure Al(a), we assign

an equivalent buy or sell limit order event at the current best bid or ask price between two

order book records.
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e Bid/ask price changes
If the bid or ask price of OBy is higher or lower than that of OB, as illustrated in Figure
Al1(b), we assign an equivalent buy or sell limit order event at the best bid or ask price of

OBy;1 between two order book records.

2. The execution of buy/sell market order

e Depth changes
If two adjacent order book records have the same bid and ask prices while the depths of OBy
at bid or ask side are lower than the ones of OBy, as illustrated in Figure Al(c), we assign
an equivalent sell or buy market order event, which immediately results in a buyer- or seller-
initiated trade and eats part of the depth at the best bid or ask price, between two order book
records. In this scenario, we do not consider the order cancellation event, which leads to the
same result as does the market order event. Due to the limitation of the data, identifying

between cancellation and execution is not achievable.

e Bid/ask price changes
If the bid or ask price of OBy is lower or higher than the one of OBy, as illustrated in Figure
A1(d), we assign an equivalent sell or buy market order event, which immediately results in
a buyer- or seller-initiated trade and eats all depth at the best bid or ask price, between two
order book records. Similarly, we do not consider the cancellation of the placed order in this

scenario due to the lack of information.

23



References

Abrigo, M. R., Love, 1., 2016a. Estimation of panel vector autoregression in Stata. Stata Journal 16,

778-804.

Abrigo, M. R. M., Love, 1., 2016b. Estimation of panel vector autoregression in Stata: A package of

programs. Working paper, University of Hawaii at Manoa.

Ahn, H.-J., Bae, K.-H., Chan, K., 2001. Limit orders, depth, and volatility: Evidence from the Stock

Exchange of Hong Kong. Journal of Finance 56, 767-788.

Andersen, T., Bollerslev, T., 1998a. Deutsche Mark - Dollar volatility: Intraday activity patterns, macroe-

conomic announcements and longer run dependencies. Journal of Finance 53, 219-265.

Andersen, T. G., Bollerslev, T., 1998b. Answering the skeptics: yes, standard volatility models do provide

accurate forecasts. International Economic Review 39, 885-905.

Andersen, T. G., Bollerslev, T., Diebold, F. X., Labys, P., 2003. Modelling and forecasting realized

volatility. Econometrica 71, 579-625.

Beetsma, R., Giuliadori, M., 2011. The effects of government purchase shocks: Review and estimates for

the EU. Economic Journal 121, F4-F32.

Biais, B., Hillion, P., Spatt, C., 1995. An empirical analysis of the limit order book and the order flow in

the Paris Bourse. Journal of Finance 50, 1655-1689.

Biais, B., Hillion, P., Spatt, C., 1999. Price discovery and learning during the pre-opening in the Paris

Bourse. Journal of Political Economy 107, 1218-1248.

Bollerslev, T., 1986. Generalized autoregressive conditional heteroskedasticity. Journal of Econometrics

31, 307-327.

Bollerslev, T., Melvin, M., 1994. Bid-ask spreads and the volatility in the foreign exchange markets: An

empirical analysis. Journal of International Economics 36, 355-372.

24



Canova, F., Ciccarelli, M., 2012. ClubMed? Cyclical flutuations in the Mediterranean basin. Journal of

International Economics 88, 162—-175.

Canova, F., Ciccarelli, M., 2013. Panel vector autoregressive models: A survey. In: Thomas B. Fomby,
L. K., Murphy, A. (Eds.), VAR Models in Macroeconomics - New Developments and Applications:
Essays in Honor of Christopher A. Sims (Advances in Econometrics Volume 32). Emerald Group

Publishing Limited, pp. 205-246.

Canova, F., Ciccarelli, M., Ortega, E., 2007. Similarities and convergence in G-7 cycles. Journal of

Monetary Economics 54, 850-878.

Cao, C., Hansch, O., Wang, X., 2009. The information content of an open limit-order book. Journal of

Futures Markets 29, 16-41.

Chiriac, R., Voev, V., 2011. Modelling and forecasting multivariate realized volatility. Journal of Applied

Econometrics 26, 922-947.

Chortareas, G., Jiang, Y., Nankervisc, J., 2011. Forecasting exchange rate volatility using high-frequency

data: Is the Euro different? International Journal of Forecasting 27, 1089-1107.

Comte, F., Renault, E., 1998. Long memory in continuous time stochastic volatility models. Mathematical

Finance 8, 291-323.

Cont, R., Kukanov, A., Stoikov, S., 2014. The price impact of order book events. Journal of Financial

Econometrics 12, 47-88.

Corsi, F., 2009. A simple approximate long-memory model of realized volatility. Journal of Financial

Econometrics 7, 174-196.

Diebold, F., Mariano, R. S., 1995. Comparing predictive accuracy. Journal of Business & Economic

Statistics 13, 253-263.

Dimpfl, T., Jank, S., 2016. Can internet search queries help to predict stock market volatility? European

Financial Management 22, 171-192.

25



Dufour, A., Engle, R. F., 2000. Time and the price impact of a trade. Journal of Finance 55, 2467-2498.

Easley, D., Kiefer, N., O’Hara, M., Paperman, J., 1996. Liquidity, information and infrequently traded

stocks. Journal of Finance 51, 1405-1436.

Kisler, Z., Bouchaud, J.-P., Kockelkoren, J., 2012. The price impact of order book events: Market orders,

limit orders and candellations. Quantitative Finance 9, 1395-1419.

Ellis, K., Michaely, R., O’Hara, M., 2000. The accuracy of trade classification rules: Evidence from

Nasdaq. Journal of Financial and Quantitative Analysis 35, 529-551.

Engle, R., Lunde, A., 2003. Trades and quotes: A bivariate point process. Journal of Financial Econo-

metrics 1, 159-188.

Engle, R. F., 1982. Autoregressive conditional heteroscedasticity with estimates of the variance of

Unighted Kingdom inflation. Econometrica 50, 987-1007.

Engle, R. F., Ghysels, E., Sohn, B., 2013. Stock market volatility and macroeconomic fundamentals.

Review of Economics and Statistics 95, 776-797.

Engle, R. F., Granger, C. W. J., 1987. Co-integration and error correction: Representation, estimation

and testing. Econometrica 55, 251-276.

Engle, R. F., Patton, A., 2004. Impacts of trades in an error-correction model of quote prices. Journal of

Financial Markets 7, 1-25.

Fernandes, M., Medeiros, M., Scharthd, M., 2014. Modeling and predicting the CBOE market volatility

index. Journal of Banking & Finance 40, 1-10.

Fleming, J., Kirby, C., Ostdiek, B., 2008. The specification of GARCH models with stochastic covariates.

Journal of Futures Markets 28, 911-934.

Foucault, T., 1999. Order flow composition and trading costs in a dynamic limit order market. Journal

of Financial Markets 2, 99-134.

26



Foucault, T., Kadan, O., Kandel, E., 2005. Limit order book as a market for liquidity. Review of Financial

Studies 18, 1171-1217.

Foucault, T., Moinas, S., Theissen, E., 2007. Does anonymity matter in electronic limit order markets?

Review of Financial Studies 20, 1707-1747.

French, K., Roll, R., 1986. Stock return variances: The arrival of information and the reaction of traders.

Journal of Financial Economics 17, 5-26.

Gallo, G., Pacini, B., 2000. The effects of trading activity on market volatility. European Journal of

Finance 6, 163-175.

Gencay, R., Mahmoodzadeh, S., Rojcek, J., Tseng, M. C., 2018. Price impact and bursts in liquidity

provision. Quantitative Finance 18, 1129-1148.

Glosten, L., 1994. Is the electronic open limit order book inevitable? Journal of Finance 49, 1127-1161.

Glosten, L., Jagannathan, R., Runkle, D., 1993. On the relation between the expected value and the

volatility of the nominal excess returns on stocks. Journal of Finance 48, 1779-801.

Goettler, R. L., Parlour, C. A., Rajan, U., 2005. Equilibrium in a dynamic limit order market. Journal

of Finance 60, 2149-2192.

Goettler, R. L., Parlour, C. A., Rajan, U., 2009. Informed traders and limit order markets. Journal of

Financial Economics 93, 67-87.

Hamao, Y., Hasbrouck, J., 1995. Securities trading in the absence of dealers: Trades and quotes in the

Tokyo Stock Exchange. Review of Financial Studies 8, 849-878.

Handa, P., Schwartz, R. A., 1996. Limit order trading. Journal of Finance 51, 1835-1861.

Hansen, P. R., Lunde, A., 2011. Forecasting volatility using high-frequency data. In: Clements, M. P.,
Hendry, D. F. (Eds.), The Oxford Handbook of Economic Forecasting. Oxford University Press, UK,

pp. 525-556.

27



Hasbrouck, J., 1991. The summary informativeness of stock trades: An econometric analysis. Review of

Financial Studies 4, 571-595.

Hautsch, N., Huang, R., 2012. The market impact of a limit order. Journal of Economic Dynamics &

Control 36, 501-522.

Hillebrand, E., Medeiros, M., 2010. The benefits of bagging for forecast models of realized volatility.

Econometric Reviews 29, 571-593.

Holtz-Eakin, D., Newey, W., Rosen, H., 1998. Estimating vector autoregressions with panel data. Econo-

metrica 56, 1371-1395.

Jain, P., Jiang, C., 2014. Predicting future price volatility: Empirical evidence from an emerging limit

order market. Pacific-Basin Finance Journal 27, 72-93.

Jang, H., Venkatesh, P., 1991. Consistency between predicted and actual bid-ask quote revisions. Journal

of Finance 46, 433-446.

Jiang, Y., Ahmed, S., Liu, X., 2017. Volatility forecasting in the Chinese commodity futures market with

intraday data. Review of Quantitative Finance and Accounting 48, 1123-1173.

Johansen, S., 1991. Estimation and hypothesis testing of cointegration vectors in Gaussian vector autore-

gressive models. Econometrica 59, 1551-1580.

Johansen, S., Juselius, K., 1990. Maximum likelihood estimation and inference on cointegration with

applications to the demand for money. Oxford Bulletin of Economics and Statistics 52, 169-210.

Kapetanios, G., 2008. A bootstrap procedure for panel data sets with many cross-sectional units. Econo-

metrics Journal 11, 377-395.

Knez, P., Ready, M., 1996. Estimating the profits from trading strategies. Review of Financial Studies 9,

1121-1163.

Kyle, A. S., 1985. Continuous auctions and insider trading. Econometrica 53, 1315-1335.

28



Lamoureux, C. G., Lastrapes, W. D., 1990. Heteroskedasticity in stock return data: Volume versus

GARCH effects. Journal of Finance 45, 221-229.

Lee, C., Ready, M., 1991. Inferring trade direction from intraday data. Journal of Finance 46, 733-746.

Lehmann, B. N., Modest, D. M., 1994. Trading and liquidity on the Tokyo Stock Exchange: A bird’s eye

view. Journal of Finance 48, 1595-1628.

Love, 1., Zicchino, L., 2006. Financial development and dynamic investment behavior: Evidence from a

panel VAR. Quarterly Review of Economics and Finance 46, 190-210.

Lutkepohl, H., Reimers, H.-E., 1992. Impulse response analysis of cointegrated systems. Journal of Eco-

nomic Dynamics & Control 16, 53-78.

Madhavan, A., Richardson, M., Roomans, M., 1997. Why do security prices change? A transaction-level

analysis of NYSE stocks. Review of Financial Studies 10, 1035-1064.

Martens, M., 2001. Forecasting daily exchange rate volatility using intraday returns. Journal of Interna-

tional Money and Finance 20, 1-23.

Milgrom, P., Stokey, N., 1982. Information, trade and common knowledge. Journal of Economic Theory

26, 17-27.

Naes, R., Skjeltorp, J., 2006. Order book characteristics and the volume-volatility relation: Empirical

evidence from a limit order market. Journal of Financial Markets 9, 408—432.

Rapach, D. E., Strauss, J. K., Zhou, G., 2010. Out-of-sample equity premium prediction: Combination

forecasts and links to the real economy. Review of Financial Studies 23, 821-862.

Riordan, R., Storkenmaier, A., 2012. Latency, liquidity and price discovery. Journal of Financial Markets

15, 416-437.

Rosu, I., 2009. A dynamic model of the limit order book. Review of Financial Studies 22, 4601-4641.

Rosu, 1., 2016. Liquidity and information in order driven markets, Working paper, HEC Paris.

29



Schniicker, A., 2016. Restrictions search for panel VARs, Discussion paper of DIW Berlin 1612, German

Institute for Economic Research.

Wagner, N., Marsh, T. A., 2005. Surprise volume and heteroskedasticity in equity market returns. Quan-

titative Finance 5, 153-168.

Wang, Y., Ma, F., Wei, Y., Wu, C., 2016. Forecasting realized volatility in a changing world: A dynamic

model averaging approach. Journal of Banking & Finance 64, 136-149.

Weber, P., Rosenow, B., 2005. Order book approach to price impact. Quantitative Finance 5, 357-364.

Wilinski, M., Cui, W., Brabazon, A., Hamili, P., 2015. An analysis of price impact functions of individual

trades on the London stock exchange. Quantitative Finance 15, 1727-1735.

30



3G T8C 7€°0 7S¢ ©98'S10°9 20805002 069009
61755 7€°0 ¥P°S 001'C9¥'S  ¢080S00C 889009
££°989 250 0£°C  €80'978L'F 20805002 909009
¥S1Ve SH°0 788 ILP'€9L'S 20805002  S85009
TVvEY 11°0 E'T  86G'8ST'E 01805002  0.5009
9z’ T11 ST°'0  8L°AT 895'%08°G  T0S0S00T 615009
17°€€9 €50 €0°¢  169°GPF'9 20805002 687009
6L719 120 890 EIV'1LZ'F ©080500¢  9¥7009
L5°G8T 9z°0 18T TTS690°G  T0S0S00Z  SIH009
9.'86¢ e10 8¢'C  81Z'006F  T080S00C  90%009
£0°80¥ 980 9T'¢  ¥S0'9T2'9  T080S00%  £8£009
98°195 09°0 PS T 0SH'6PP'S 20805002  92£009
¥2'69. 80 T6°0  012'99%F T080S00%  £.£009
60°L97 120 10°¢  ¢06°A81F  ©0805002  ¢L£009
¥7°08% 0€°0 0L T 0L9°L8%'S 20805002  Z££009
G GV 09°0 98°C  695'GeE'9 20805002 122009
£6°96¢ L¥°0 98'T 0T8'82S‘'G 2080500  £ST009
16°GG¢ 2€°0 L8F  CLTTIS'G  2080S00Z  0ST009
91°¢L8 Y10 6L T 895'8¥6G  T080S00C  ST1T009
L€°GLT 190 SF'ST  LL6°8%9°9 70808002  #0T009
96°20S 860 LTT  L8S°T0T'9  T0S0S00Z 090009
L9°L1E €9°0 61T LTS'S60°L T0S0S00Z 00009
65°8G¢ €70 L Vev'vee'9 10809002  8%0009
19°86¢ v 0 28T POTHPI9  20S0S00Z  LE0009
[C1EE 2270 80°9  86¥'CLS'9  T080S00%  T1£0009
89°26T 89°'0  €8°6L 9FL'€00°L  T0S0S00Z  8T0009
19°20¢ 65°0 02T 9S83'68L°G 20805002 120009
08681 10T €9¢T  TIETISY 6180S00¢ 610009

8C'9.LE v o G0'0T ©98°L0L°C  ATIZI600Z 686109
00€8%'T  A¥'0 Gz’ 0T GGI'TI6'F  L290.00Z 616109
€0°gee 1€°0 L8, TIT'6E0°S  0SF0S00T 668109
€6°9LY 750 9z°¢  T0G'ILV'E 91016002 888109
7S 66E 7$°0  19°AT¢  0€0°GTE'S  90TTL00C  LS8T09
18°201 Se0 Te0T  LPI'Z8S'T 61808002 992109
63°GCE 9¢°0 T8'L 89Z'I86‘€  80%I800Z  LTLT09
88'8¢. 1.0 76'G  9G¥%'88¢‘C  6I0TTI0Z 699109
6G'L9T 6L°0 6S°€T  LSO'ST¥F'F 0206002 899109
G'78% 1.0 880  T08'GS6'S  ©T60600Z ST19T09
90°2EL 0S°0 0L'T T8S068T 60L02T0C 809109
T8 LTV 05°0 86z TP9'1LL'E  0TIL00T0Z  L09109
€0°€8¢ 160 YOGl PIT°2SS'S  8050.00Z 009109
1T 18¢ €L°0 88°CT  GGG'99%'S  ¥0TI1L00Z  06£109
98'1¥¢ £€8°0 €I’ 0SP'SPL'S  GTTI900Z  £££109
L9°61¢€ 7.0 19°'0T  ¥IC'I86'F  TTE0800C 981109
€9716 1€°0 GR'C LLV'TWE'€  OTTI0TT0Z SITTI09
16°€9% G50 9°¢  186°9%6‘€  80T00T0Z  ATTT09
¥¢'02€ 05°0 16'6  T69°8G8°G 180900 TTITT09
GT°LET 09°0 L6 $SL680°C  6T600T0C  STOT09
¥0°62C 670 66'€T  OFPG'STT'9 20809002 900109
6291 L¥°0 €6'CT  68€°2TL'G  9T80S00% 006009
96'29¢ Ge0 LT FLE080°0  T080S00T  S68009
$€°60¢ 160 9°C  LIT'T96'F 01805002 988009
69°L1L 620 €L'¢  868°066'¢  T080S00T  T1.8009
L6'61% 0S80 07T 908°986F <I80S00% L8009
6C°€EE 860 9%  660F79Y'9 20805002  S6.009
LL°LSY 80 78T  OPI'888°G  T0S0S00Z  6£L009
G9'709 820 €8T  T86'96%'G  T080S00%  L£.009 8€°6ST 07’0 FFIT G0S'LTT9  £€880S00Z  8T0009
12285 250 00T @I9T'OPI'S 20805002  ¥0.009 9%°€8¢ SH°0 8G°¢  0L9°960'9 20805002 600009
Amsnpul  ITesowmn], IN/d AN SqO ‘ON BREATS apon Amsnpul  Tesowmn], N/d AN 'Sq9O ‘ON 1I1e1Q opon

FOEARMAnAYlYUMA<<EAOAOEFOMAMEROMAMTAD
VU0V AMU M OO0V 0ORUVDOAMAMKE AN O0~0UXKOD

"9T02/80/T€ ST 98P pua Y} 4891
oy 104 “Aparioedser ‘9T0g/80/0€ PUe ‘9T0/80/0€ ‘GT0E/TT/T€ ‘9108/80/0€ ‘910T/80/9Z ‘9103/80/€% ‘9108/90/¥¢ d1e soyep pud oyy ‘668109 PUB LZLT09 ‘988009
‘G62009 ‘2£2009 ‘T1Z0009 ‘610009 2P0d SUIISI] YIM SD0)s 10, () SOLIISNpU] 191 pue () jusmrurersjuy pue j1odg ‘emymy) () seo1aTag ssoulsng pue Surjuay]
{(31) arersy Teey (1) ASoourpa], uoryeuIoju] {(H)) 1504 pue a8eio)g ‘uoryejrodsuel], () [Te)9Yy PUR oes S[OYA\ ‘(H) UOTIONIISUO)) ‘((]) I10IeA\ PUR Ser) ‘Suljes]]
‘“fy1o119001y Sutpnyour senqry (D) Surmyoemue]y ((g) Surury (V) Surysi pue SUTPeaIqyo01g ‘AI1S9I0] ‘9INJMOLISY SPN[OUI SALIISNpU] "GN UOI[[Iq QT ST anfea
JoNIeW JO JTU[) ‘GTOZ O} GOOZ WOlj aSeloAe [eNUUE dIe ISAOUIN) PUe Oljel [\/g ‘ON[eA josyIeur oy, ‘sy003s QfT Jo no o[dures pajosjes A[wopuel (g jo Arjsnpur

o) pue ‘Ieaouwn) ¢ (JN/¢) O1Rl Jo3{IeW-01-500( 9} ‘(AJN) ON[eA Jo3{IeW 91} ‘SUOIIRAISSCO JO IoqUINU 91} ‘©)ep JurjIe)s ‘Opood Jurlsi] }003s oy sprodor aqe) sy,

S}009s Jo o[dures polos[es A[opued & Jo Arewwing ‘T 9[qe],

31



S é 9€'8 ¥v'c6€  6¢°GT9 160  ¥6°0 €c’0 070 808 91’64 0C’€T 008 VT G10¢

€4°C G8'L ¥9'64¢  ¢8'C9¢ 870 €e0 0c’0 070 €06 66'c6 00°LT 9¢'L 91 ¥10¢
98'C 86°€¢T <0'¢8C G¥'6E€ 960 T€0- L&0 190 g1'6 16'€6 0S¢l 98% 24! €100
01°€ L8'¢l  GE'6¥C <TY9'1ee 650 8T°0 8¢'0 990 988 G888 0¢'9T 4GT'¢ eVl ¢10g
9¢€'¢ 098 6C°L7C  GL'C8C VL0 ¥€0 8¢'0 ¢%0 906 9916 0091 OT'¢ (U] 1102
G6°0 €50 LL'69C  9E€V6€E €L°0 00 120 ¥€0 70'6 0€'16 0987 L¥'9 €eT 010G
G6°0 €L°0 88°96€  L°L99 9.0 €9°0 ¥1'0 L0 618 q9vL O0I'7C €V'L 9¢1 600%
60 L0 9€°€9¢  ¢9'LEY 680 ¥8°0 Lg’0 090 €r'6 ¢8'06 00°LT 8E¥ ¢cl 800%
16°0 6G°0- L9CVY 19969 0c'T LT°C 0T'0  LT°0 798 ¢L'I8  0L'cS  LLel 91T L00¢
790 ¥¢'0 ¥1'€9¢ G8°6¢V 9¢'T- T10°0T 820 6€0 ge'8 ge'18  09°2 i LET 900%
G6°1 6L°¢ ¥7'€9T  98'88¢ ¥6°0 ¥L.°0 Gc0 €70 6S°L ¥6°0L 08°€T  ¢6°L LET G00g
MG Ny ('S uRIIA MG Ny ('S UeSN Mmaoyg Ny ('S URON

ISAOWIN], W/4d aneA joxIRN SwiIr ‘ON = Ieox

"GINY UOI[[Iq QT ST 9N[eA }9)JIBW JO UOIJRIADD PIBPURIS PUR UBIW dYj} I0] JIU[) '[RJ0} UI SULIY QT sopnyoul ojdures

o], "TeoA Aq Ieaouwan) pue ‘orpel (JN/g) 195IRW-0)-500( ‘9zZIS WIIY JO (MaXS) SSOUMdS Pue (1INy) s1s0%INy ‘(*('S) UOIYRIASD pIepuR)s ‘Ueawl o1} s)Ioder a[qe) SIY ],

Iead AQ IeAOUIN) PUR ORI J\/{ ‘9ZIS [RUOI}D8S-SSOID Y} JO SOIPsTIR)s oA1YdLIDSS( g S[qR],

32



(ev-)  (60¢) (850) (91°¢) (eve) (6¥'¢-)  (c007)  (60°€L) (892) (%) (rLe)  (€9°0) (@rv)  (8L0) (Ler-)  (erey)  (1€729) (99°8)
#xx 107 xxxVC0 600  xxxV9°0  xxCT1°0 *x%80°0 pomall *xx99°0  xxxL0°0 $xxL0°07  x%xGC°0 L0°0  xxxLV°0 [4N(1] xxx LL07  %xxG1°0 $xx69'0  xxx61°0  LLVC 122009
(99z-)  (g8'¢) (180) (699  (eT'T) (Lg797)  (L998) (@79) (8) (g6'e-)  (66'¢) (gg0)  (62F) (L6T) (11-)  (8¢°1%) (Lz1) (T8
#xx80°07  xxx86°0 L0°0 k%70 61°0 #xxG1°07  %xxEC°0 #xx09°0  xxx20°0 $xxV 107 xxx86°0 L0'0  xxx8L°0  xxET°0 #xx80°07  xxxG91°0 19°0 xxxL'0  60VC  €9ST009
(cov-) (L8 (g90)  (61¢)  (60) (e6e1-)  (8g'1)  (161¢)  (€9°21) (g9¢) (603 (1900  (9g'e) (18T) (or11-)  (6'61)  (2L9%)  (79%)
w107 5esa VS0 T0  4xxl9°0 80°0 #4600 8T'0  #xx69°0  skxl0 w#kl0°07 5x8C0 600 4xx89°0  %LT0 5#kl0°07 sk TT°0 5x89°0  #sxxCT°0  L39T  0ST009
(c0gr)  (gev) (8¢0)  (8'¢)  (90°T) (eg1-)  (61°¢w)  (6¥61)  (6L9) (ege-)  (16'¢) (66'0)  (19°9)  (29°0) (o10")  (¥2e) (1¥v91)  (g0°€1)
#4x80°07  44x68°0  80°0  4xxSF0 %9070 60°0  skkl00  5xxk€9°0  4xxl00 #4x80°07  4kkGC°0 6070 ssFF0 90°0 L0°0  skxGT'0  5sklO0  x4x90°0  939T  STT009
(LLv)  (wog) (Lg0)  (2e)  (801) (r8e-)  (€90) (L¥8or)  (€9°1) (¢6°¢-) (g5) (g90)  (ese) (gT1) (Lgo1-)  (z9r)  (ggoL)  (80°8)
***@0.0u ***HN.O 200 **%mm.o T0 ***wo‘ou ¢e0 %**ﬂ.@.o e1o %**ﬂﬂ.ol *%ﬂN.O 80°0 ***ﬂﬂ.o 200 ***H.Ol ***HA‘O ***@@.O **%M0.0 88GT ¥01009
(11°¢e-) (29v) (88°0) (ere) (L0) (ee6-) (¥6'62)  (cL€9)  (eL¥1) (69°¢-) (107)  (2£8°0) (g6'c) (621) (L2721-)  (gL'91) (evL) (9°2)
(v¢) (ov°¢)  (cL0) (88¢) (Lz'1) (1rer-) (L) (9g7¢61) (L¥2) (11°g-) (crv)  (¥90) (8g'e)  (81°1) (89) (g1¥1) (¢°82) (coe)
(60°7-) (€9¢) (150) (¢6%) (L21) (1-) (18'1)  (2LLL1) (y1°2) (98°¢-) (go¢)  (650) (ce'e)  (¢e) (6e11-) (¥8'1) (ere)  (8¥'1D)
(¢oe-)  (g62) (69°0) (28¢) (81°71) (9z'21-)  (e1°9%)  (61°12) (ge'8) (2eg-) (¢ge)  (60) (e¢) (6272) (v6z-)  (1971)  (€€70T) (L9)
#1k€T°07 4k 1C0 6070 4xx0S°0 10 1558007 43610 5xx19°0  45x10°0 #6070 %xxG8°0 600 5xxGG°0  4xIT°0 #xx00°07  5xxBT°0  5xxL9°0 544800 1E9Z  LEO009
(voe-)  (eee) (19°0) (¢ov) (1L0) (85°1T-) (@) (1200z) (gL€1) (ce¥-) (6s¢)  (£6°0) (¢) (6z1) (t9:¢1-)  (¥8'68)  (g¢eie) (¥6°6)
$4xxE 107 x%x9C°0 800  xxx5L°0 60°0 +%x60°07  x%x80°0 $%x69°0  xxxL0°0 #xx 107 %xx9C°0 60°0  xxx¥V°0 200 #xx060°07  xxx60°0 $xxL9°0  xxxP0°0  LG9C  TE€0009
(e6%)  (19) (600  (12¢) (2L0) (65'8-)  (pror)  (6018)  (L¥2) (@) (997) (e20) (v (OF1D) (Lr2-)  (9vor)  (8L99) (6°6)
#xx 10" %xx[C°0 800  xxxEV0 ¥1°0 #xxL0°07  xxxV1°0 $xxV9'0  5xx60°0 #x90°07  5xx6€°0 L0°0 sxxV 0 L0°0 #xxL0°07  x%xx90°0 *xx69°0 xxxL'0 099C 820009
(¢9°g-) (zg) (¢90)  (¢8D) (1) (6g'8T-)  (L8'€7)  (69°¢E) (¥9) (ve'g)  (s82) (z60)  (¢6%) (gT2) (10°¢-)  (Le'8) (¥oL81)  (68°9)
#4x80°07 4980 60°0 444870 LT°0 1480707 5k VG0 5kkl90  4skG00 stk IT07  5k68°0 2000 4kklG°0 54610 1#kl0°07 skk€T°0 5190 4xx€T°0  €09Z  T30009
(8re)  (ery) (120)  (LFe)  (e5T1) (1) (9°62) (gge)  (96°01) (96c)  (Loe)  (LL0) (69) (gL°0) (z6'01-)  (99°0z) (zesve) (29 11)
**mo.cu ***HN.O 80°0 **%ﬂmd 910 90°0- %**HAO ***w.o ***m.c.o %**NH.Ou **%mm.o 80°0 ***mﬂ.o 0 ***H.Ou ***mﬁ‘c ***@@.O **%m0.0 L09¢ 610009
(LLe)  (Lov) (8o)  (zre)  (vo1) (129-)  (¥9°0%) L¥1)  (e6°11) (ezg)  (8L2)  (¥6°0) (89) (z01) (96'11-)  (L27%)  (gL101)  (99°01)
***wo.ou ***mm.o L0°0 **%ﬁ@.c [ N1] ***.@O‘Ou *%*NN.O ***mw.o ***NH.O %**wo.ol ***wN.O T0 ***Nm.o 20 ***H.Ol ***mﬂ‘o ***ﬂ@.@ **%wo.c 8¥S6C ST0009
(69°7-) (L82) (150) (ege)  (10%) (0¥1-) (z9e)  (srgL) (84°8) (Lrg”) (¢) (9¢0) (zee) (¢0) (10°9-) (Ler)  (Le06) (e¥°L)
#4k60°0" sk TC0 L00  44x99°0 44610 £akGT07  45k90°0  5xxlO0  44xS0°0 wakl0°0"  x5x8C°0 800 444870 61°0 £4kG0°07  4xk90°0  4sxl9°0  4xxCT'0 9S9T 600009
muwﬁho a@&gda .«O uonEw @QC& “m ﬁwﬁdnﬁ wp@ﬁho ﬁE: ,«O uoﬁQEw @QCAH _<< MQD@.AH
ok o wd ¥ ok " g © el " wd @ el T g ©_sq0 9po)
UvH HOUVD UVH HOYVD

122009 ©3 600009 P02 WoIJ T 9[qe], Ul S}203S GT ISIY oY}
10§ syynsox oy j10dor om ‘oords aaes OF, "JEISYIN PUR JZPIGIN o'T ‘s1opio joxrewt jo joedwr oorurd 10§ oxe Aoy ‘g [oued Ul {JgSY'T PUR JgPIgr o'l ‘SIopIo JIuir]
Jo 1oeduwr 9011d 10J SJUSIDOLJE0D Ble oL pue L ‘y [dued u] ‘A[ealpoadsal ‘S[aad] %] PUR ‘UG ‘94T oY) Je 90UROYIUSIS [RII)SIJR]S 9j0Usp , pue . ¢ . . PuUR ‘Y20Is yoro

10§ opdures oty ur sAep Jo Ioquunu oy} ST §¢() ‘souios joeduur ootrd yiym Aouenboiy A[rep oY) je Surepowr AI11R[OA JO SIULIOJe0d ojdures-ur o) sjrodor o[qes SIYJ,

sorros joeduur ootrd yjm Jurppowt Arpe[oa ajdures-uy "¢ o[qr],

33



GG'TE  T0'8  LT'0T  .uul¥OI 860 ¥¥'cc 008 80'€l #2698 8¥'¢C GG'TE 008 6101  ...88°01 Geo OIN+UVH dos-T
16°€€ 008 6101  ...89°01 LG°0 80°¢¢c 00'8 8G'Cl wrxEL L (e 16°€6 008 6101 ...0601 L9870 OT+YVH dojs-1
8¢ (4R L0'9 YVH dois-T
GL0E CO'8  CLCT . PO'LT 67°0 LTIV 108 LO°LT 4k GG'ST Gl GL°0E 008  0LCT  .uiCO'LIT 0s°0 OWHHOYVD dojs-T
¢oe€E 008 8E'EL  ..ETLT L0 8G¢'T¥y 108 O0FV'8T  .¥I1'91 70T 6o’ 108 OV'El  .iSTLT il OT+HDOYVD doss-T
0Ty age 67'¢ HOUVD dois-1

XR]N UL\ Ay XRN UL\ 3Ay XRIN  UIN Ay
rers-1 INd e HVIN res-1 INd e HdVIN rels-1 INd rers-1 HSINY [PPOIN

“[OAS] 94T O3 e 90URIYIUIIS

[eonsyye)s sojoudp ,  “Ajparioadser opio (jesprewn)jrur woyy joedut ooud yym pPpow (YYH)HOUVYD ot 03 swjl (OIN)O'T + (MVH)HOUVD UL "0l ul o1e
SIOLI® }SBD9I0J JO SoN[eA A, ‘PolIodel Os[e aIe SYD0IS [RNPIATPUI I0] OTISIIRIS-1 (GEET) OURLIRIA PUR P[OGRI(] 97} JO (XRIN) WNWIXew pue (UIy) wnwruru ‘(SAY)

ueow o], 'PajIodel SI SPPOUW PJUILOUIINE PUR JYIBWIDUS(] 9} WOIJ SIOLID )SBIDIO0] U0oMI9q 159} UOSLIRdIIOd URST [RUOIIIDS SSOID JO O19sIpe)s-7 oY, "(HVIA) 10110

ajnjosqe ueau o) pue ‘(FJIVIN) 1011 oSejusdtad ajnjosqe ueatt oY) ‘(FSINY) 10110 orenbs ueauI j001 91} A[oUIRU ‘SUOIIOUN] SSO] 99IY) }10doI 9\ ‘SIOPIO jos{Iell

pue qruar £q peonpur joedur 0otid M S[EPOW pojuewISne pue SEPOW YYH Pue HHYVY JIeWDU] 91} UdaMIa( SIOLI Sursesaloy Aye[oa syiodar ajqey Iy ],

S[epOW pajuawISNe pue YIRWIYDOUS(] JO UOTJeN[eAd }SBIDI0J AfIyeoa ojdures-Jjo-in( § o[qe],

34



€86€'T  I¥0C'0 1660V  LIc6'T  0CEC’0  €I8S'V  Ge4¥'c  699¢°0  L9ET'S 08660  0c0c’'0  6866'¢  VPPO'T  €9€C’0  886S%V  GIgE€'Cc  TPLC0  TL6T'G N

62T€'C  TLOE'0 TESE'S  SFGST  €8TE0  GI68'S  6LESE  LG6VED  T66E9 Y0CT'C €860  9STE'S  PEIST  90S€'0  9EF6'S  6L6EE  66SE0  G66F'9 xe
L0220 92200 0S0£°0 091’0 %3200  9¥0€'0  €LIE0  Tgg0'0  LS0€°0 9zFE’0 93300 L4660  €L£C°0  ¥gg0'0  ST0E0  FOLE0 TG00 F86T0  AOPIS
1880°C  T9LTO T¥66'F  1909°C  L66T0 TSTS'S  FSET'E  6FCE0  9S€0°9 TIP6'T 79920  TIL6'F €999 GTOS0  9T6S'C  9TLT'E  6SEE0  LPET9  URIPIY
(osve) (e97e) (6c1e) (r173e)  (9r18)  (¢e63) (verog) (11'82)  (¥9°L%) (vege)  (L81e)  (F01€)  (18°08) (16'82) (00°63) (¢822) (8%¢e)  (09LT)
Y020 TELTO  GSE6'F  LSPS'T  FL6TO  9E9F'S  G8L0'E  SO0TE0  TV66'S 9T68'T 60920 9€68'F  8F09C 09620 €60S°C SLIT'E 90€E°0 GFPET9  Uedy
ON+YVH ON+HOUVD
6FC0'T  6IST0  €¥g8'€ SOT9T 9810  0S6EF  SLEC'T  S8FT0  8LS6'T 9828'0 G8LT'0 TE€SL'E IPFST  6FIE0  L8SFF  ¢ITeT  ¥RST0  ST60°C Iy
T90c'c  L86T0 F8ST'S  ©T08'T  661€0  6EISC  06IC'E  SSPE0  TSSE9 7280°c  TI8T0  TOLT'S  T9FL'c  S8IE0 €Ie8'C  TSLE'E  8SCE0  TESH9 xe\
99,20  FET0'0  98TE0  6FLZ0  TECO0  GITE0  8TLTO0  8TO0  TFTE0 L6LT0  FETO'0  €€TE0  6LLT0  TECO0  TETE0  GELTO0  GTTO0  CITE0  A9PIS
0S89°T 99520  TISF'F  6€€C°C  L£9%0  LISO'S  LSSL'G  606C0  €009°S 0TFS'T 64320 GITF¥?  ¥26T'c 08920 0G90°C  L0E8'T  SFOE0  OFIL'G  Uelpay
(troz) (ss1) (6e21) (Fe81)  (FoL1) (e8¢1)  (eb21)  (L6'%1)  (SL91) (8rsr) (22:81) (61'81) (21°21) (B¥L1) (66'91) (06'¢T) (g8°¢1)  (92°91)
0£L9°T  T8€T0  €68F'F  VILET  F99¢0  9FF0'S  FI8LT  LE6TO  0F09'S TLPS'T €380 FLSYT  T6ST'C  8G9¢°0  €TOT'S  6T€8°C  LEOEO0  €9PL'G  wedy
OT+YVH OT+HOHVH
L026'0  L89T°0 1069'€ T1gSC'T 600 0L0SF  TIST'GC  ©She0  GOS6'T €280 92910  FET9'E  ISIST L9020 890€F 9002  ¥0SZ'0  ©g00'S uIy
6200 99920 8TS6'F  9T19C  TIOE0  T609'S  903T'E  9EEE0  6690°9 CEF8'T  GLPT0  T906'F  SETST  T06T0  6ESS'C  G89T'E  F6GE0 169779 xe
8427’0  €6T0°0  L9SG°0  TFGZ’0  88T00  03SG’0  EGE0 L8100  0S¥G0 1620 S6T0°0  GILZ0  S2SZ’0  €610°0 S8ILZ0  06F¢0 16100 LTLTO  A9PIS
009Z'T 61020 €SS0'F  0LGS'T SIS0  TPSOF  896€°C  TE€9C0  ¥8TT'S SPOT'T 06810 6888'€  90LL'T VIECO0 0SSy  IPFF'C  6FLC0 06VCG UeIPIY
€68¢°T TG00  6¥60F  09L8'T 8960  T€89F  GLSF'G  6L9T0  FILTG TSOT'T  TE6T0  LEL6'E  EPEST  9FEC0  TSPOF  6S0S°C  €9LC°0  L6IEG WO
qvH HOYVD
Bicie) s U "dD as U A as 10U Ricte) as N (CTe) as Pd  gaD as 10
6=t 9=~L g=L 6=~k 9=~L e=L

‘stsoyjuared ul pajrodal oIe SYD0)S ] SSOIdR S[EPOW
pojuemISne pue YIRWIDUS] o) UsdMIa( 1S9} 90USIOPIp Ueow o[duwils ® Jo sOIjsIje)s-7 oy ], ‘pojeiodioout are (OIN) SIoplo jos[Iews pue () SIOPIO W] WOIJ
poedut oo11d queureuLied Jo solIds oW o) WoYM [opowl (YYH) HOYVD pojuswidne 1o ppow (YyH) HOYVD NIeWouaq oY) IS0 WIOI] Paule)qo oIk SISRIQIOJ
Arrre[op A £q peanyded [9AS] UOISIOAR NSLI M JOSSE 99IJ-3SLI 9} PUE HD0IS [BNPIAIPUI UB USOMII] [[}[BOM IO S9JEI0[[ OYM IOISOAUL AN SOUBLIBA-UBSUL

10J sorjojyrod Jo (YD) winjel jusesmbe Ajurelten o) pue ‘(YS) orel adieyg o) ‘(19Yy) WIN)el SS90X0 Pazienuue Jo soIysipe)s aA1pdiiosep oY) sj1odar a[qes sy,

S[opOW pajuowISNe pue YIRWDUI] 9} WOIJ $)SBIAI0J AYIJE[OA JO SN[ RA DTWIOUOIF ‘G S[R],

35



Figure 1. Price impact of limit and market orders for stock 600021

This figure illustrates the changes in bid/ask prices (price impact) induced by buy/sell limit/market orders with the size equal
to half the depth of their corresponding first levels on 1 June 2006 for stock 600021 via the VAR estimation. (a) Changes
in bid and ask prices induced by bid and ask limit orders, respectively. (b) Changes in ask and bid prices induced by bid
and ask limit orders, respectively. (¢) Changes in bid and ask prices induced by bid and ask market orders, respectively. (d)

Changes in ask and bid prices induced by bid and ask market orders, respectively.
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Figure 2. The price impact on volatility

This figure shows the changes, measured by a unit of standard deviation, in GARCH/HAR volatility induced by one unit
change in standard deviation of permanent price impact estimated via the panel VAR on all stocks. (a) Changes in GARCH
volatility induced by one unit standard deviation change in LBid2P and LAsk2P. (b) Changes in GARCH volatility induced
by one unit standard deviation change in MBid2P and MAsk2P. (c) Changes in HAR volatility induced by one unit standard
deviation change in LBid2P and LAsk2P. (d) Changes in HAR volatility induced by one unit standard deviation change in

MBid2P and MAsk2P.
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Figure Al. Reconstruction of the order book events

This figure shows four scenarios of order event identification. (a) bid or ask depth increase is equivalent to bid or ask limit
order event; (b) bid price increase or ask price decrease is equivalent to bid or ask limit order event; (c) bid or ask depth
decrease is equivalent to ask or bid market order event; (d) bid price decrease or ask price increase is equivalent to ask or
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