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Abstract

We study how characteristics of the limit order book (LOB) affect return volatility and
the volume-volatility relation at the transaction level. As important extensions to prior
research, we allow for serial dependency of volatility on volume and for the volume-volatility
relation to vary over time and depend on the dynamics of LOB characteristics. We find
strong evidence that the LOB contains information about the volume-volatility relation and
the return volatility of trades. The impact of LOB characteristics on return volatility is
conveyed via two channels: a direct channel that is predominantly attributable to lagged LOB
information, and an indirect channel that is transmitted via the volume-volatility relation and

is mainly due to the current LOB slope.
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1 Introduction

Electronic limit order books (LOBs) have become the dominant market trading platform in recent
years, replacing traditional specialists or quote-driven trading platforms in many major financial
markets around the globe (Bloomfield et al., 2005, Goettler et al., 2009, Malinova and Park, 2013).
Coming with the popularity of limit order trading is increased interest in studying the properties
of limit order book markets and their role in explaining high frequency price and return volatilty
dynamics. While many theoretical and empirical studies examine the composition of order flows
in LOB markets,! research into the use of LOB information to predict future returns and return
volatility is relatively sparse, despite considerable evidence that the LOB drives the price process.?

We study how characteristics and dynamics of the limit order book (LOB) affect return volatil-
ity and the volume-volatility relation at the transaction level. Investigation of the relationship
between trading volume and price volatility has been an area of active research in finance for a
long time. According to Karpoff (1987), the study of the volume-volatility relation is important
because it provides evidence on how information flows into the market, how it is processed and
disseminated by the trading activities of market participants, and hence how it affects the price
formation process.

Market microstructure theories provide several suggestions for a positive volume-volatility re-
lation, and these include the arrival of new information that generates both price and volume
movements (e.g. Clark, 1973, Harris, 1987, Andersen, 1996), disagreement among investors about
asset values (e.g. Grundy and McNichols, 1989, Shalen, 1993, Banerjee and Kremer, 2010), and
strategic trading activities by informed and uninformed traders in an asymmetric trading environ-
ment (e.g. Kyle, 1985, Holden and Subrahmanyam, 1992).

Meanwhile, many empirical studies (e.g. Ahn et al., 2001, Downing and Zhang, 2004, Chan

!These studies explore possible answers to questions such as which types of orders (limit vs. market) are often
used by different types of investors (informed vs. uninformed), when these orders are used, and why. See, for
example, Glosten (1994), Biais et al. (1995), Ranaldo (2004), Foucault et al. (2005), Wald and Horrigan (2005),
Bloomfield et al. (2005), Anand et al. (2005), Kaniel and Liu (2006), Goettler et al. (2009), Rogu (2009), Chaboud
et al. (2021).

2For example, Foucault et al. (2007), Nolte (2008), Pascual and Veredas (2010) and Jain and Jiang (2014) find
that a wider bid-ask spread leads to higher future volatility. Thicker book depths help mitigate the return volatility
of incoming orders (Ahn et al., 2001, Pascual and Veredas, 2010, Jain and Jiang, 2014). Further, a larger LOB
slope is associated with a decrease in return volatility (Naes and Skjeltorp, 2006, Jain and Jiang, 2014, Tian et al.,
2019), and a weaker correlation between the number of trades and return volatility (Neaes and Skjeltorp, 2006, Jain
and Jiang, 2014).



and Fong, 2006, Pascual and Veredas, 2010, Chevallier and Sévi, 2012, Carlin et al., 2014, Haugom
et al., 2014, Valenzuela et al., 2015, Clements and Todorova, 2016, Tian et al., 2019) document
the determinants of volatility, rather than the volume-volatility relation, because they all assume
that the dependence of volatility on volume is constant and does not vary with other factors.

The objective of this paper is to examine the role that LOB information plays in explaining not
only high frequency return volatility but also the volume-volatility relation. Unlike most existing
studies which assume that the volatility-volume relation is fully contemporaneous (e.g. Jones et al.,
1994, Downing and Zhang, 2004, Chan and Fong, 2006, Naes and Skjeltorp, 2006, Chevallier and
Sévi, 2012, Clements and Todorova, 2016, Bollerslev et al., 2018), we allow for serial dependency of
volatility on volume as implied by theoretical work of Copeland (1976), Shalen (1993) and Banerjee
and Kremer (2010), and by empirical work of Manganelli (2005), Xu et al. (2006), Carlin et al.
(2014), and Tian et al. (2019). We further allow the volume-volatility relation to vary over time
and depend on the dynamics of LOB characteristics such as the bid-ask spread, the market depth
at the inner quotes, and the LOB slope. The slope tracks how the quantity of stocks supplied in
the LOB changes as a function of the limit price, and hence it provides a parsimonious summary
of LOB information, not just at, but also beyond the best quotes.

We conduct our volume-volatility analysis at a transaction or tick-by-tick level, rather than at
daily or lower frequencies used in most previous studies. The advantage of tick-by-tick analysis is
that it fits the frameworks of most theoretical studies and enables a deeper understanding of how
information from trades is incorporated into prices (e.g. Easley and O’Hara, 1987, Shalen, 1993,
Holden and Subrahmanyam, 1992). Furthermore, a tick-by-tick analysis offers a natural remedy for
the undetermined causality between volatility and its explanatory variables, which results from the
fixed-time aggregation of trades and prices (Hasbrouck, 1995). It also helps avoid an information
loss that comes from aggregating trades and prices over a fixed time interval that might bias
estimation results (Engle, 2000, Manganelli, 2005, Russell and Engle, 2005). Acknowledging the
random nature of trade arrival times at the transaction level, we follow Engle (2000) and Xu et al.
(2006) in employing time-consistent measures of volume and volatility that are adjusted for time
between trades. Our analysis also accommodates potential asymmetries between the bid and ask
order books, and it controls for the effects of the order flow prior to a trade.

We examine the Australian limit order book market using a tick-by-tick dataset of stocks in



the S&P/ASX200 index from July to December 2014. We find strong evidence that the LOB
contains significant information about the volume-volatility relation and the return volatility of
trades. The dependence of return volatility on trading volume is positive but dynamic and strongly
related to LOB information, rather than contemporaneous and constant as typically assumed by
most empirical studies. Both return volatility and the volume-volatility relation of a trade are
positively associated with the bid-ask spread but negatively correlated with the market depth at
the best quotes and the slope of the LOB prior to the transaction. These results highlight the
dynamic nature of the volume-volatility relation, in contrast to previous findings in the literature
that assume a constant volume-volatility relation (Ahn et al., 2001, Nes and Skjeltorp, 2006,
Foucault et al., 2007, Nolte, 2008, Pascual and Veredas, 2010, Haugom et al., 2014, Jain and
Jiang, 2014, Tian et al., 2019).

We find that the overall impact of LOB characteristics on the return volatility of an incoming
trade is conveyed via two channels; a direct channel that is predominantly attributable to lagged
LOB information, and an indirect channel that transfers through the volume-volatility relation and
is mainly contributed by the prevailing LOB information right before the trade. This is because
the direct (indirect) channel captures the partial effect of the LOB on return volatility without
(with) the knowledge of a trade’s volume. If the volume of a trade is not known, the recent past
order book attributes, which contain information about recent past trading volumes and volatility
(which in turn are correlated with the volume and volatility of the current trade), play a critical
role in predicting future trading volume and return volatility. However, if the volume that a trade
demands is known then the LOB characteristics immediately before the trade provide the most
recent and relevant information about recent supply in the market, and this affects volatility via
the second channel. In addition, the effects of LOB information on return volatility, either direct
or indirect, depend on a stock’s liquidity.

We observe significant asymmetries in the effects of the bid versus ask order books on return
volatility, as in the studies by Ahn et al. (2001), Engle and Patton (2004), Harris and Panchapage-
san (2005), Kalay and Wohl (2009) and Cenesizoglu et al. (2016), and our work shows that these
asymmetries also affect the volume-volatility relation. We find that the order book of the opposite
side to the direction of an incoming trade is more relevant for predicting both return volatility

and the volume-volatility relation than the same side order book.



We also find that the bid-ask spread and market depth either switch signs or become less
significant once we control for the LOB slope. This finding could arise because the LOB slope
summarizes the LOB information at all quote levels, and thereby captures and dominates the
information contained in the bid-ask spread and the market depth at the best quotes. Thus, the
LOB slope is a key determinant of return volatility and the volume-volatility relation.

Our contributions to the literature are twofold. First, we extend research on the volume-
volatility relation by showing that the dynamics of the LOB are important factors that drive a
dynamic relationship between return volatility and trading volume at a high frequency tick-by-tick
level. Existing studies primarily assume that the volume-volatility relation is either fully contem-
poraneous or does not vary with other characteristics that may explain volatility. In addition,
they mainly examine the volume-volatility relation at a low frequency such as daily (see, amongst
others, Naes and Skjeltorp, 2006, Chevallier and Sévi, 2012, Carlin et al., 2014, Wang and Wu,
2015, Clements and Todorova, 2016, Tian et al., 2019). Complementing prior findings, our study
highlights the dynamic nature of the volume-volatility relation which is strongly dependent on the
LOB characteristics at a transaction level.

Second, our work also contributes to the literature that examines the information content of
the LOB, by providing empirical evidence that shows how characteristics of the LOB, in particular
the slope, can change the volume-volatility relation. We also find strong evidence of asymmetries
between the effects of the bid and ask order books, as noted elsewhere (e.g. Ahn et al., 2001, Engle
and Patton, 2004, Harris and Panchapagesan, 2005).

The current study extends the closely related work of Naes and Skjeltorp (2006) that also in-
vestigates the informativeness of LOB attributes about the volume-volatility relation in several
aspects. First, while Nees and Skjeltorp (2006) only consider the contemporaneous dependence of
volatility on volume, we allow this relationship to be dynamic, as highlighted in the theoretical
studies of Copeland (1976), Jennings et al. (1981), Shalen (1993) and Banerjee and Kremer (2010).
Second, Naes and Skjeltorp (2006) do not control for the direct impact of LOB characteristics on
volatility when estimating how the LOB information alters the volume-volatility relation. Conse-
quently, they tend to overestimate the effects of the LOB characteristics on the volume-volatility
relation. Our study, on the other hand, explicitly accounts for such direct impact, and it shows

different mechanisms through which LOB information affects volatility, depending on whether the
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effect is direct or indirect. In addition, we allow for asymmetric effects of bid versus ask order books
on the volume-volatility relation, which are not considered in Naes and Skjeltorp (2006); indeed, we
find strong evidence of such asymmetries. Finally, instead of using lower frequency (daily) data as
in Naes and Skjeltorp (2006), we employ high-frequency tick-by-tick data to conduct our analysis.
This provides deeper insights into the price formation process, avoids information loss and mit-
igates the “undetermined causality” issue between volatility and its predictors due to fixed-time
aggregation, as discussed further in subsection 2.2.

The rest of the paper is organized as follows. Section 2 details a general empirical framework
that we employ to investigate the informativeness of the LOB characteristics about the volume-
volatility relation. Section 3 describes the data, and discussions of the main empirical results follow
in Section 4. In Section 5, we provide a graphical rationale for the informativeness of the LOB

slope, and Section 6 offers some concluding remarks.

2 The volume-volatility relation

2.1 A general empirical framework

Let 0;+ and v;; be the volatility and volume associated with stock ¢ at time ¢ (or during the time

interval ¢ ). We study the volume-volatility relation using the following equation:

q p p
it = 040+,u1MOnd@yi,t+M2h0U7’1i,t+Z ajai,t—j+Z[Bo,k+5;€wi,t—k]vi,t—k+z Vi kT Yi it
j=1 k=0 k=0

(1)

where Monday;; (a dummy variable for Monday) and hourl;; (a dummy variable for the first

trading hour (10:10:00-11:00:00) of a day) allow for the Monday and opening effects on volatility,

2321 a;0;4—; captures the persistence in volatility, x;; is a vector of explanatory variables that

potentially influence the volume-volatility relation as well as the return volatility itself, y;, is a

vector of control variables that allow for the effects of past order flow information and n;, is a
zero-mean disturbance term,

Equation (1) allows for both contemporaneous and lagged effects of trading volume on volatility,

in contrast to many previous empirical studies that only examine the contemporaneous correlation

between volume and volatility (e.g. Chan and Fong, 2006, Naes and Skjeltorp, 2006, Shahzad et al.,



2014, Wang and Wu, 2015, Bollerslev et al., 2018, Duong et al., 2018). Our accommodation of
dynamics in volume-volatility dependence is consistent with various traditional finance theories.
For example, the sequential arrival of information hypothesis (SAIH) of Copeland (1976) and
Jennings et al. (1981) implies that there is a lead-lag relationship between volume and volatility,
which results from sequential (rather than simultaneous) dissemination of information to market
participants. Similarly, theoretical models that feature heterogeneity in investors’ beliefs about
asset prices, due to either asymmetric private information (Shalen, 1993) or differences of opinions
about public information (e.g. Harris and Raviv, 1993, Banerjee and Kremer, 2010), show that
traders’ over-reaction to a change in trading activities gives rise to both contemporaneous and serial
dependencies of volatility on volume. Meanwhile, the microstructure model of Hasbrouck (1991a,b)
suggests that microstructure imperfections such as price discreteness and inventory control might
induce lagged adjustments in stock prices to a trade’s information, implying that past trading
volumes could be informative about future prices and volatility. Our inclusion of dynamics in
Equation (1) is also consistent with empirical work by Manganelli (2005), Xu et al. (2006), Nolte
(2008), Carlin et al. (2014), Do et al. (2014), and Tian et al. (2019) that finds significant current
and lagged volume effects on return volatility.

More importantly, Equation (1) allows the marginal effect of volume at time ¢t — k on return
volatility at time ¢ to vary with z;;_ via the function S —i—(%xi,t,k,?’ which relaxes the assumption
of a constant volume-volatility relation that is implicit in most previous empirical work (e.g. Jones
et al., 1994, Chan and Fong, 2000, Downing and Zhang, 2004, Pascual and Veredas, 2010, Carlin
et al., 2014, Clements and Todorova, 2016, Tian et al., 2019). Our specification of this marginal
effect as a linear function of x;;_; in Equation (1) is similar to the econometric methodology used
by Dufour and Engle (2000) to investigate the informativeness of trade arrival times for explaining
the price impact of a trade. It is also similar to work in Avramov et al. (2006) that finds a link
between selling activity and the well known asymmetry in daily volatility that is known as the

“leverage effect” in individual stock returns.*

3We focus on the case for which the marginal effect of volume v; t—j, on return volatility o; ; is a linear function
of x;—r, to simplify our analysis, and leave the study of (potentially nonparametric) extensions of this functional
form for future research.

1Bollerslev et al. (2018) also use a similar specification and find that the volume-volatility elasticities of the
S&P500 equity index and U.S. Treasury bonds become weaker around public news announcements and when there
is a more disagreement in beliefs amongst investors.



The oo + 6xi¢ term in Equation (1) captures the contemporaneous impact of volume on
volatility, By + 0,xit—k (k > 1) captures lagged impacts, and > }_,[Box + 0,2 ¢—k] measures the
cumulative impact. Meanwhile, z;;_ influences return volatility o;; via two channels - via its direct
impact on the latter (captured by =), and via its indirect effect that alters the volume-volatility

relation (captured by dy).

2.2 Proxies for volatility and volume

We examine the dynamic volume-volatility relation at a tick-by-tick or transaction level of detail.
Although the use of transaction data is widespread in the market microstructure literature (e.g.
Hasbrouck, 1991a,b, Dufour and Engle, 2000, Barclay et al., 2003) and in the duration-volatility
modeling literature (e.g. Engle, 2000, Renault and Werker, 2011, Renault et al., 2014), most
research on the volume-volatility relation has worked with daily or lower frequency data® and
only a few studies, including Harris (1987), Manganelli (2005), Xu et al. (2006) and Nolte (2008),
provide an examination of the volume-volatility relation at a transaction level. This is quite
surprising, given that most theoretical studies on the topic develop their analysis at a tick-by-tick
level (see, for example, Kyle, 1985, Easley and O’Hara, 1987, Holden and Subrahmanyam, 1992,
Shalen, 1993).

Our tick-by-tick empirical analysis of the volume-volatility relation leads to a deeper under-
standing of how prices adjust to absorb the information from trades because, as highlighted in
theoretical work by Diamond and Verrecchia (1987) and Easley and O’Hara (1992), the existence
(absence) of each individual trade may signal the existence (absence) of news events and the pres-
ence (absence) of informed traders in the market, and this is informative about price formulation.
In addition, our tick-by-tick analysis avoids bias (discussed in Engle (2000), Manganelli (2005),
Russell and Engle (2005)), due to a loss of information that results from the aggregation of trades
and prices over a fixed time interval. It also provides a natural solution to “undetermined causal-

ity” between volatility and its predictors that has been recognized in prior studies that employ

5See, amongst others, Jones et al. (1994), Andersen (1996), Chan and Fong (2000), Avramov et al. (2006), Nacs
and Skjeltorp (2006), Giot et al. (2010), Chevallier and Sévi (2012), Carlin et al. (2014), Do et al. (2014), Shahzad
et al. (2014), Tian et al. (2019). Also see Karpoff (1987) for a detailed survey of related work. There are also several
studies that examine the volume-volatility relation at an intradaily level such as Ahn et al. (2001) and Bollerslev
et al. (2018) (15 minutes), Pascual and Veredas (2010) (1 and 5 minutes), Duong and Kalev (2014) (30 minutes),
and Jain and Jiang (2014) (1 minute).



lower frequency data (see subsection 2.4 for a more detailed discussion).

Volatility is typically measured over a fixed time interval such as an hour, a day or a week,
depending on the frequency at which data are sampled. Two fixed-interval volatility measures that
are common in the volume-volatility literature include (i) the absolute size of residuals from an
autoregression of returns (e.g. Jones et al., 1994, Chan and Fong, 2000, Avramov et al., 2006, Nees
and Skjeltorp, 2006); and (ii) realized volatility measures® (e.g. Chan and Fong, 2006, Giot et al.,
2010, Chevallier and Sévi, 2012, Shahzad et al., 2014, Tian et al., 2019). However, when working
with tick-by-tick data, researchers face a challenging issue which is that transactions arrive in the
market at irregularly spaced times. This complicates the measurement of the volatility of each
trade because the time between consecutive trades is not the same. Engle (2000) and Xu et al.
(2006) suggest adjusting volatility by trade durations to obtain wvolatility per unit of time, which
provides a natural and meaningful measure of volatility in tick-by-tick empirical analyses. In this
study, we estimate the volatility per unit of time for a transaction by dividing the absolute size of

the residual from the following regression by the duration of the trade:

5 5 q
rie = UirDaykis+ Y Gishoursie+ > pistis-k + 9'Tis+ Nig + €y (2)
where 7, denotelsgitlhe return of tflgl t-th trade in sktZ)ICk t, defined as the change in the natu-
ral logarithms of the bid-ask midpoint following the trade and is quoted as a percentage i.e.
rit = 100(In(gi¢+1) — In(qe)), where g;; is the midpoint of the bid and ask quotes immediately
before the t-th trade. Dayy;; are day-of-week dummies, and houry,;; are time-of-day dummy vari-
ables.” Lagged returns (ri+—x) are used to control for the autocorrelation in the return series. The
incorporation of z;, and y;; into Equation (2) allows for their possible power in explaining returns,

which then ensures that the effects of z;; and y;; on volatility obtained from Equation (1) are

genuine and not driven by the impact of x;; and y;, on returns.® We define o;; by 0, = [€;.4|/Ti.,

6The most common of these is daily realized volatility, which is often calculated as the sum of squared five-
minute returns over a day, but there are many different types of realized volatility measures. See the survey article
by McAleer and Medeiros (2008) for discussion on such measures and their properties.

"Each trading day in the Australian Securities Exchange (ASX) is partitioned into six hourly intervals: 10:10-
11:00, 11:00-12:00, 12:00-13:00, 13:00-14:00, 14:00-15:00 and 15:00-16:00. All trades in the first 10 minutes of each
trading day are excluded from the analysis to avoid the effects of the ASX opening procedure. The first five hourly
dummies are included in Equation (2), while the last trading hour serves as the base category.

8The inclusion of x;+ and y; ¢ in the return Equation (2) ensures that €; ;, whose absolute value scaled by trade
duration provides a proxy for the volatility of the trade, will be orthogonal to z; + and y; ;. Therefore, the effects of
x;+ and y;, on volatility in Equation (1), if any, will not be due to correlation between z; ;, y; ; and the unexpected
returns. Similarly, the two dummy variables in Equation (1) capture time-of-day and day-of-week effects that are
not captured by Equation (2).



where T;; is the duration of the ¢-th trade which measures the time (in seconds) between the
(t — 1)-th and ¢-th trades, and we use 0;; as our proxy for volatility in Equation (1).°

Two popular proxies for volume in the volume-volatility literature are the number of trades
and the average trade size during a fixed time interval. While both measures are found to be
positively related to return volatility, prior studies often document that the number of trades,
which essentially captures trading intensity, is far more informative about return volatility than is
average trade size (e.g. Chan and Fong, 2006, Nes and Skjeltorp, 2006, Chevallier and Sévi, 2012).
When working with transaction data, previous studies usually measure the volume of a trade by
the number of shares executed by the trade (e.g. Hasbrouck, 1991a.,b, Manganelli, 2005, Nolte,
2008), which coincides with the average trade size since the number of trades at a transaction time
is always one.!® Motivated by work in Engle (2000) and Xu et al. (2006) that adjusts variables
computed in transaction time to account for calendar time, we employ a time-consistent measure
of volume v; 4, called volume per unit of time, which is defined as V;;/T; ;, where V;; is the number

of shares traded (times 1000) divided by the total number of shares outstanding right before the

t-th trade in stock i'! and T}, is the duration of the trade (as defined above).

2.3 Limit order book characteristics and the volume-volatility relation

Prior studies demonstrate the informativeness of LOB information about the price formation pro-
cess. For example, Hasbrouck (1991a) documents that a wider bid-ask spread is associated with
an increase in the price impact or return of an incoming trade. Similarly, Foucault et al. (2007)
develop a theoretical model that predicts a positive relationship between the bid-ask spread and
future volatility, which is strongly supported by empirical evidence provided in Naes and Skjel-
torp (2006), Foucault et al. (2007), Nolte (2008), Pascual and Veredas (2010) and Jain and Jiang

(2014). Meanwhile, an increase in market depth leads to a decline in the price impact and return

90ur proxy for volatility is analogous to the daily volatility measure used by Jones et al. (1994), Chan and Fong
(2000), Avramov et al. (2006) and Nees and Skjeltorp (2006), and like these daily measures it is time-consistent,
but at the transaction level. Note that a tick-by-tick version of realized volatility is not defined and cannot be
computed.

10 Although simultaneous transactions can occur, they typically result from the matching of one big market order
against several opposite side limit orders and they are usually considered as one big trade in empirical analyses.

1 Standardizing the number of shares in a trade by the number of outstanding shares right before the trade helps
facilitate comparison between different stocks by putting them on roughly the same footing. We obtain qualitatively
similar results without this standardization.



volatility of future trades (Ahn et al., 2001, Pascual and Veredas, 2010, Brogaard et al., 2015). In
addition, Pham et al. (2020) document that the use of market depth information right before a
trade significantly improves the prediction of the immediate price impact of the trade.

Several studies have shown that LOB information beyond the inner quotes is also informa-
tive about returns and volatility. Pascual and Veredas (2010) document a significant negative
dependence of the ex-post informational volatility of the latent efficient price process on depth
beyond the best quotes. Likewise, Nees and Skjeltorp (2006), Duong and Kalev (2014), Jain and
Jiang (2014) and Tian et al. (2019) show that a steeper LOB curve is associated with lower re-
turn volatility, while Kalay and Wohl (2009) find that their buying pressure measure, which is
calculated from the slopes of the bid and ask order books, is predictive of future returns. Another
study by Cao et al. (2009) shows that the limit order book information after the first level is
moderately informative, contributing to 22% of the price discovery of Australian stocks. Similarly,
Kozhan and Salmon (2012) demonstrate that LOB information beyond the best prices can predict
future (but in-sample) price adjustments, even though a simple trading strategy does not lead to
out-of-sample economic profits. Meanwhile, Cenesizoglu et al. (2016) find significant asymmetric
effects of the bid and ask slopes on price dynamics, which if ignored by traders when designing
trading strategies could lower their daily profits by about 25 basis points.

In this study, we investigate the role played by the LOB in explaining the dynamic volume-
volatility relation and ultimately the return volatility of trades at a tick-by-tick level. Following
prior literature, the LOB characteristics that we examine consist of (i) the relative bid-ask spread,
Spread;;, defined as the quoted spread divided by the mid-quote right before a trade; (ii) the
market depth available at the inner quotes, Depth, ;, defined as the total number of shares available
at the best bid and ask prices (times 1000) and standardized by the total number of shares
outstanding right before a trade; and (iii) the slope of the LOB immediately before a trade.
The latter variable captures the steepness of the limit order book, and it essentially measures how
the quantity of stocks supplied in the LOB changes as a function of the limit price. The slope
measure summarizes the LOB information at all limit price levels, whereas the first two attributes
(i.e. bid-ask spread and market depth) only capture the LOB information at the best quotes.

Following Nees and Skjeltorp (2006), we compute the LOB slope for stock ¢ immediately before

transaction time t or the ¢-th trade as:
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BidSlope; AskSlope;
Slopess 1dS opem—;— skS ope,’t’ (3)

where BidSlope;, and AskSlope;, respectively denote the slopes of the bid and ask order books

and are given by

1 vP et B JoB -1
BidSlope; ; = L + T % and 4
= ToovE {|pf/po TR DR vy W
1 vl et A Jvd —1
AskSlope; ; = L + Tl T 5
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where NB and N4 are the total number of bid and ask prices (tick levels) containing orders of
stock 7 right before time ¢, and 7 designates tick levels for stock ¢ that have positive share volumes
at that time. The best bid (ask) price is denoted by p? (pf!) and corresponds with 7 = 1, and py
denotes the best bid-ask midpoint immediately prior to time t. The quantities vZ and v# denote
the natural logarithms of the accumulated total share volume at each tick level 7 on the bid and
ask sides right before time ¢, so that if we define V.Z (V1) as the total share volume demanded
(supplied) at p? (p#), then v = In (Z]T-:1 | ) measures the natural logarithm of the total share
volume demanded at p? or higher, and v = In (22:1 Vf‘) measures the natural logarithm of the
total share volume supplied at p2 or lower. Intuitively, the bid (ask) slope measures the percentage
change in the bid (ask) volume relative to the percentage change in the corresponding bid (ask)
price, which is averaged across all limit price levels in the bid (ask) order book, and the LOB slope
is an equally weighted average of the bid and ask slopes. For each point in transaction time ¢, we
use the 10 best bid and ask quotes, together with the share volumes queued at these quotes right
before time ¢, to calculate the LOB slope.'? We do not include information relating to undisclosed
or hidden orders in this calculation of the LOB slope.

Market microstructure studies highlight the importance of trade direction or trade type (i.e.
buy vs. sell) in explaining price dynamics (e.g. Hasbrouck, 1991a,b, Dufour and Engle, 2000,
Barclay et al., 2003). In particular, an unexpected purchase (sale) results in a significant increase
(decrease) in a stock’s price. Meanwhile, Ahn et al. (2001), Engle and Patton (2004), Harris and
Panchapagesan (2005), Kalay and Wohl (2009) and Cenesizoglu et al. (2016) document that there

are significant asymmetries between the bid and ask sides of the LOB that are important when

12We use all available quotes with positive volumes to compute the slope if less than 10 levels of the best bid
and ask quotes are available for stock ¢ at time ¢t. We also undertake some robustness analysis in subsection 4.4,
that uses different sets of LOB information (of 5 and 20 best bid and ask levels) to compute the slope measures.
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explaining price dynamics. We use trade direction information to allow for potential asymmetric
effects of the bid and ask order books, by splitting the Depth,;; and Slope;; measures into the
corresponding bid and ask quantities, and interacting them with trade indicators.!?

Previous studies find that information about past order flow has explanatory power for re-
turn volatility (e.g. Chan and Fong 2000, Chan and Fong 2006, Shahzad et al. 2014), so we
incorporate several variables into our return volatility and volume-volatility models to control for
this. Our controls also partly mitigate endogeneity issues associated with the joint determina-
tion of trading volume and LOB variables. The vector of control variables that we employ is
Yir = (In(T4), Nig, AT'S; 4, OIB; 4, QT'T; )", where T, is the duration of the ¢-th trade, while N,
ATS, 4, OIB;; and QTT;, respectively measure the number of transactions, the average trade size
(times 10° and divided by the total number of shares outstanding), the order imbalance (defined as
the number of buys minus the number of sells), and the quote to trade ratio (defined as the total
number of order submissions, revisions and cancellations divided by the number of trades) during
the 5-minute interval right before the ¢-th trade. See Table A.1 in the Appendix for a complete
list of all variables used in this study.

Overall, the main vector of interest z;; in Equation (1) contains LOB characteristics, consisting
of Spread, +, Depth;; and Slope; ; if a combined LOB is considered, or Spread;;, BV B+, BV; +Si +,
AV By, AV, .Sy, BidSlope;B; ., BidSlope; S, AskSlope; B;:, and AskSlope;,S;, if we allow
for a separation of the bid and ask order books. Note that the imposition of the restrictions that
p = 0 and 6 = 0 on Equation (1) gives a constant contemporaneous volume-volatility relation
model similar to those examined in the existing literature. The imposition of p = 0 on Equation
(1) gives an “endogenous” contemporaneous volume-volatility relation model similar to the model
estimated by Nes and Skjeltorp (2006) for daily data.'* We use the word “endogenous” here
to indicate that the volume-volatility relation is no longer constant but dependent on the LOB

characteristics. For the full model (1) that allows the dynamic dependence of return volatility on

13The resulting set of LOB attributes consist of BV;;B;:, BV;:Sit, AV;+Bi+, AV;Si+, BidSlope;B;.t,
BidSlope; +S; 1+, AskSlope; + B; ¢, and AskSlope; +S; +, where BV; ; (AV;+) is the bid (ask) depth volume, BidSlope;
(AskSlope; ;) is the bid (ask) order book slope, and B; ¢ (S; ;) is a buy (sell) indicator that equals 1 if the ¢-th trade
is a buy (sell), and 0 otherwise.

1We note that Nzes and Skjeltorp (2006) do not control for the direct impact of LOB information on volatility.
Specifically, they first compute the sample correlation between the daily number of trades and daily volatility in
every month, and then regress this monthly correlation series on the monthly averages of the LOB attributes for a
panel of all stocks in their sample.

12



trading volume to be dependent on the LOB attributes, we assume that the model can be truncated
at p = 5 lags, as is typically assumed in the microstructure literature (e.g. Hasbrouck, 1991a,b,
Dufour and Engle, 2000, Xu et al., 2006). We also truncate the lags of returns and volatility in
Equations (1) and (2) at ¢ = 12, as typically done in previous studies (e.g. Avramov et al., 2006,
Chan and Fong, 2006, Chevallier and Sévi, 2012).

2.4 A note on causality

Previous empirical studies on the volume-volatility relation have found two-way causal relationships
between volatility and other variables such as trading volume and LOB information. This arises
from the use of low frequency data that has been constructed by aggregating over higher frequency
observations (Hasbrouck, 1995, Barclay et al., 2003, Benos and Sagade, 2016). For example, a large
transaction can have a big impact on security prices and increase price volatility, which then sends
signals to the market and affects the aggressiveness of quotes, trading intensity and the volume
of subsequent trades (Easley and O’Hara, 1987, 1992, Dufour and Engle, 2000). If data for these
high frequency events is aggregated, the (lower frequency) volatility and volume measures will
be jointly determined and contemporaneously correlated, making it difficult to disentangle the
causal relationship between the two. Similarly, the time aggregation of information relating to
quotes and trades leads to undetermined causality between volatility and LOB information, as
empirically observed in Naes and Skjeltorp (2006). Given that trading and quoting activities often
arrive sequentially, Hasbrouck (1995) suggests that shortening the sampling time interval might
mitigate this issue as it reduces contemporaneous correlation induced by time aggregation.
Motivated by Hasbrouck’s (1995) suggestion, the current study utilizes tick-by-tick data, and
it assumes that at this level of time resolution there are Granger-causal relationships running
from trading volumes and LOB characteristics to return volatility, and that the LOB information
Granger-causes the volume-volatility relation of trades. Intuitively, we assume that the state of
the LOB is predictive of how incoming trades affect prices and return volatility. Given that our
LOB attributes (trading volumes) are known right before (at) the execution of a trade, whereas
the return and volatility of the trade can only be realized ex-post, these assumptions are intuitive

and reflect the chronological operation of an electronic LOB market.
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We note that our use of transaction data and the above assumptions does not completely rule
out the potential endogeneity of trading volumes and LOB characteristics. This is because these
variables are correlated with traders’ unobserved liquidity needs and their information sets, which
certainly influence return volatility. However, it would be difficult to find appropriate instruments
for volume and LOB characteristics because (i) such instruments would need to be measured at a
tick-by-tick level; and (ii) they must only affect return volatility indirectly through trading volume
and LOB information (i.e. they must be uncorrelated with the error of the volatility equation),
which is most unlikely given the dynamics of trading and price formation. Therefore, instead of
finding possible instruments, we ameliorate the effects of this potential endogeneity by augmenting
our models with lags of return volatility as well as lags of variables that account for the order flow
information prior to a trade (see discussions in the previous subsections). This is common practice
in the volume-volatility literature, and we have confidence that under our tick-by-tick setting that
helps attenuate time-aggregation contemporaneous correlations, these lagged variables will capture
sufficient information about traders’ unobserved characteristics to minimize the endogeneity and

joint determination problems and maintain the validity of our results.

3 Data

3.1 The Australian stock market

The Australian Securities Exchange (ASX) is amongst the 15 largest listed exchanges in the world
by market capitalization. The ASX has operated as a purely electronic order-driven market since
1991. Orders submitted to the ASX follow a price-time priority, as in most other electronic LOB
markets. In particular, limit orders are queued and ranked in the LOB first by price priority
and then in chronological order. Meanwhile, market orders, which are orders with the highest
price priority, are executed at the best available price immediately upon submissions. The LOB is
updated instantaneously whenever an order submission, revision, cancellation, or execution occurs.
The submitted price of an order must be in multiples of the minimum tick size, which is pre-specified
by the exchange and is dependent on the price level of the security. The tick size is currently AUD$
0.001, 0.005, and 0.01 for stock prices that are below AUD$ 0.1, from AUD$ 0.1 but below AUD$
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2, and from AUDS$ 2, respectively. A typical trading day consists of two sessions: a pre-market
session from 7:00am to 10:00am Australian Eastern Standard Time (AEST), and a normal trading
session from 10:00am to 4:00pm AEST. The first 10 minutes of the normal trading session are
opening auctions. There is also a closing single price auction between 4:10pm and 4:12pm during

which the daily closing price for each stock is determined (see http://www.asx.com.au).

3.2 The data

We investigate the informativeness of the LOB about the dynamic volume-volatility relation using
stocks in the S&P/ASX200 index between 1 July and 31 December 2014. This sample period
is chosen to avoid the confounding complications resulting from major upgrades of the technol-
ogy infrastructure (including all main trading and post-trade systems) of the ASX after 2015
(ASX, 2015). The S&P/ASX200 index is the primary stock market index that serves as the main
investment benchmark in Australia and it constitutes about 80% of Australia’s sharemarket capi-
talization. We follow the ASX’s classification to partition these stocks into three groups: “Large
cap” which contains stocks in the S&P/ASX50 index, “Mid cap” which contains stocks in the
S&P/ASX100 index but outside the S&P/ASX50 index, and “Small cap” which contains the
remaining stocks in the S&P/ASX200 index. There were 198 stocks in our sample, consisting of
49 large cap, 50 mid cap, and 99 small cap stocks.!®

We collect two datasets from the Securities Industry Research Centre of Asia-Pacific (SIRCA)
database. The first dataset records details on every order submitted to the Australian central LOB,
including the stock code, the order type (order submission, order revision, order cancellation and
execution), the date and time (to millisecond precision), the order price, the order volume (number
of shares), the order value (dollar value), and the order qualifiers.’® Each new order is assigned a

unique identification number (ID) so that it can be tracked from its initial submission through any

15We exclude two stocks, namely WES (Wesfarmers Limited - Large cap) and NWS (News Corporation - Small
cap) from our analysis, since our database did not record data for these stocks during the sample period, even
though they were listed and traded throughout the period. In addition, there are 6 stocks that were delisted during
the sample period. We do not remove them from our sample since our analysis is conducted on a stock-by-stock
basis and we still have a large sample size for these stocks (of more than 4000 transactions). Nevertheless, excluding
these stocks negligibly affects our results.

6Each limit or non-market order has a qualifier indicating the order direction (buy or sell order). Trade and
market orders also have qualifiers that declare their various qualitative properties. Examples include “Bi” (“Si”)
qualifiers that signal buyer-initiated (seller-initiated) trades, while “XT” denotes a cross trade and “CX” signal
trades that are executed in an Australian dark pool called Centre Point.
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revision, cancellation or execution. We extract all trades that occur within the continuous trading
session in the lit market (from 10:10:00 to 16:00:00) and discard all transactions executed in the
opening auction (i.e. either during 10:00:00-10:10:00 or with “AC” qualifiers that define auction
trades) or in dark pools. We classify trades into buyer-initiated and seller-initiated trades based on
the direction of the (market) orders that initiate the trade. Since one large buy (sell) market order
can be matched against several limit orders queuing on the sell (buy) side of the LOB and appear
as multiple instantaneous transactions that have zero durations, we follow standard practice in
the literature (e.g Dufour and Engle, 2000, Nowak and Anderson, 2014, Renault et al., 2014) and
aggregate same-direction trades executed at the same time into one “big” trade by calculating
volume-weighted average prices and summing up the volumes of small trades. We use the order
book dataset to compute our control variables that allow for the effects of order flow during the 5-
minute interval immediately prior to each trade (i.e. the number of transactions (V; ), the average
trade size (AT'S;;), the order imbalance (OIB;;), and the quote to trade ratio (Q7T'7T;,)).

The second dataset contains detailed information on stock code, date, time, and the best
bid/ask quotes and volumes up to 20 levels in the LOB. We remove all observations with either
(i) a negative bid/ask quote or volume at any level, (ii) a bid quote higher than ask quote at any
level, (iii) a positive bid or ask quote but with zero volume at any level, (iv) a zero bid or ask
quote but with a positive volume at any level, or (v) a bid (ask) quote at level j lower (higher)
than or equal to the bid (ask) quote at level k > j.!” The transaction data are merged with the
bid and ask quotes data to work out the bid-ask midpoint, the bid-ask spread, the depth volume
at the best bid and ask quotes, and the LOB slope immediately before each transaction. Finally,
we collect daily data on the numbers of shares outstanding for each stock from the DatAnalysis
Premium database. We winsorize all variables at the 1% and 99*" percentiles on a stock-by-stock

basis'® to avoid the effects of outliers, The winsorization filters out another four stocks, leaving us

1"The last filtering criterion ensures that bid (ask) quotes are in strictly decreasing (increasing) order as one
moves further away from the best, i.e. level 1, bid (ask) quote. However, it is worth noting that some stocks,
especially the illiquid stocks, might not have all 20 levels of the best bid/ask quotes and volumes available at some
point in time, but only 5 or 10, for example, levels instead. In such a case, entries for the bid/ask prices and volumes
of the remaining levels are displayed as 0. These observations are still valid and hence will not be removed if they
pass the first four aforementioned filtering criteria ((i) - (iv)).

8Note that we estimate the return volatility of a trade as oit = |€|/Ti, where €, is the residual obtained
from an autoregressive model in Equation (2) of winsorized returns, and T; ; is the winsorized duration of the trade.
We do not winsorize o; ; since it would be effectively a double winsorization.
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with a final sample of 194 stocks, consisting of 49 large cap, 48 mid cap, and 97 small cap stocks.”

Table 1 provides some cross-sectional summary statistics of trades and order book character-
istics for the constituent stocks of the S&P/ASX200 index during July-December 2014 that we
study. Consistent with previous empirical evidence, the transaction returns for all stock groups
have a mean of almost zero percent. In conformance with well-documented stylized facts (e.g
Manganelli, 2005, Xu et al., 2006, Jondeau et al., 2015, Pham et al., 2020), larger cap stocks trade
more frequently and consequently have significantly smaller trade durations, reflecting their higher
levels of liquidity. Moreover, they tend to trade in a smaller volume, either in the number of shares
or per unit of time. Thus, the larger cap stocks have smaller volatility, as evidenced by the smaller

absolute return per unit of time - a raw proxy for return volatility per unit of time.
<<INSERT TABLE 1 ABOUT HERE>>

Regarding the LOB characteristics, larger cap and more liquid stocks on average have a smaller
relative spread, as reported elsewhere (e.g. Dufour and Engle, 2000, Nees and Skjeltorp, 2006).
Interestingly, large cap stocks have significantly fewer shares supplied at the inner quotes than do
mid and small cap stocks, possibly because the former are much more heavily traded so that more
depth at the best quotes is absorbed. While the number of shares or depth available at the best
bid and ask quotes are roughly equal for large cap stocks, significantly more shares are queued at
the best bid than at the best ask for mid and small cap stocks. For all stock groups, the average
amount of shares supplied at the best quotes is much larger than the average volume demanded
by a trade, implying that the majority of transactions do not move the best bid or ask prices and
hence have zero returns - an observation that is also documented by Dufour and Engle (2000),
Renault et al. (2014), Pham et al. (2020), amongst others. The bid, ask and overall order book
slopes are larger for more liquid stocks, suggesting that for these stocks more shares are queued
closer to the inner bid/ask quotes, making their LOB steeper, which is consistent with the findings
of Naes and Skjeltorp (2006) and Duong and Kalev (2014). Moreover, the LOB slope appears

slightly higher on the bid or buy side than on the ask or sell side.

19" After winsorization, the entire returns series (r; ;) for DJS (David Jones Limited - Mid cap), ENV (Envestra
Limited - Mid cap), AQA (Aquila Resources Limited - Small cap), and GFF (Goodman Fielder Limited - Small
cap), are identically equal to zero, so that the return volatility estimates defined in subsection 2.2 are also identically
zero and the volume-volatility regressions cannot be performed. Thus, we exclude these stocks from our analysis.
Note that results for the unwinsorized series qualitatively similar to those in the main text and are available upon
request.
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The order flow characteristics are also in conformance with the liquidity of stocks. More
specifically, more capitalized stocks trade more frequently in a smaller volume than less capitalized
stocks, as can be seen from the number of trades and the average trade size during a 5-minute
interval. Larger stocks also have a slightly higher quote to trade ratio, which, coupled with higher
trading intensity, suggests that bigger stocks attract more attention and more intensive quoting
activities from market participants than do smaller stocks, as expected. There are on average more
purchases than sales for all stock groups, and the imbalance between buying and selling activities

tends to increase with the liquidity level of stocks.

4 Results and discussion

In this section, we empirically examine the role played by the LOB characteristics in explaining
the return volatility and the volume-volatility relation of trades. We begin with an investigation of
the interaction between the LOB slope, (which summarizes LOB information at all quote levels),
and the volume-volatility relation (subsection 4.1). Then, we zoom in on the information content
of the LOB at the best bid and ask prices (subsection 4.2). Subsection 4.3 compares the predictive
power of the LOB slope and LOB information at the best quotes, and subsection 4.4 provides a

series of sensitivity analyses to assess the robustness of our results.

4.1 Order book slope and the volume-volatility relation

This subsection investigates the information content of the LOB across different best quote levels by
examining how the LOB slopes, computed according to Equations (3)-(5) using the 10 best quotes,
explain return volatility and the volume-volatility relation at a transaction level for stocks in the
S&P/ASX200 index during July-December 2014. We estimate Equation (1) for each individual
stock in our sample, and then report the median coefficient and the proportions of coefficients
that are negatively and positively significant at a 5% level for each of the three stock groups. The
results for a combined LOB are reported in Table 2, while those for separate bid and ask sides of

the LOB are shown in Table 3.20

20Note that since the median operator is not additive, “Lag 0” and “th” median coefficients generally do not

add up to that of “Zo;p”. The mean coefficients, which preserve additivity but are more prone to outliers, are
qualitatively similar to the reported median coefficients, and are available upon request.
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Panel A of Table 2 contains an analysis of the volume-volatility relation formulated in Equation
(1) which is fully exogenous and contemporaneous, as typically assumed in most previous studies.
Consistent with prior findings, we observe a strong positive contemporaneous relation between
trading volume and return volatility for all stock groups which is statistically significant at a 5%
level for almost all stocks, even after controlling for the effects of the LOB slope and other order
flow characteristics. As expected, the return volatility of a trade is negatively related to the slope
of the LOB immediately before the trade, with statistical significance obtained for the majority
of stocks, which is consistent with the findings of Nees and Skjeltorp (2006), Duong and Kalev
(2014), Jain and Jiang (2014) and Tian et al. (2019). A larger order book slope implies steeper
LOB curves where more shares are supplied closer to the inner bid/ask quotes. Consequently, the
larger the LOB slope, the better the LOB is able to absorb a given amount of shares demanded
from an incoming trade, and the smaller the price impact and the return volatility of the trade.
The negative relation between return volatility and the LOB slope becomes weaker, in magnitude,
for larger cap stocks, reflecting the fact that more liquid stocks have a steeper slope (Naes and
Skjeltorp, 2006). Hence, for a given change, e.g. a one unit increase in the LOB slope, the price of

more liquid stocks moves less to accommodate a given trading volume, resulting in lower volatility.
<<INSERT TABLE 2 ABOUT HERE>>

We also find strong evidence in support of the predictability of the order flow information
about future return volatility at the tick-by-tick level.?! Consistent with the findings of Xu et al.
(2006), Manganelli (2005), Russell and Engle (2005) and Nolte (2008), a shorter trade duration
increases the return volatility of the trade. The result lends support to Easley and O’Hara’s (1992)
theory which implies that shorter time between trades or higher trading intensity is a signal of
more private news and a higher fraction of informed traders present in the market. Since the
increased presence of informed investors constrains liquidity traders from entering the market,
possibly via toxic order flows that adversely select the latter (Easley et al., 2012), trades with
shorter durations have larger impacts on prices, leading to higher volatility. The average size of
trades that are executed during a 5-minute interval before a trade is positively related to the return

volatility of the trade, with statistical significance observed for most stocks. This suggests that

2I'We do not report the estimated coefficients for the order flow characteristics in subsequent analyses to save
space but note that the results are qualitatively similar to those being discussed here.
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past trading volumes are predictive of future volatility, making the volume-volatility relation both
path-dependent and dynamic.

The return volatility of a trade is inversely dependent on the number of trades during a 5-
minute interval prior to a trade - a proxy for the trading frequency prior to the trade, which
appears to be inconsistent with the findings of most previous studies. This surprising observation
can be explained as a result of both measures of trading intensity, namely trade duration (7;,)
and the number of trades (NV;,), being included in the regression.?? Results from an unreported
experiment in which trade duration is removed from the volatility equation show a positive and
significant relation between return volatility and the number of trades. While reaffirming the
findings of previous work, this outcome suggests that the most recent information about trading
intensity, captured by 7;;, appears to be more relevant than and dominate the older and more
distant information, proxied by N;, in explaining future volatility.

In conformance with Chan and Fong (2000), Chan and Fong (2006) and Shahzad et al. (2014),
there is a positive link between the order imbalance of trades (OIB;;) and volatility which is
statistically significant for a fair proportion of stocks in our sample (more than 36% for all groups),
suggesting that trade order imbalance has some predictive power about future return volatility.
Meanwhile, there is a strong positive dependence of the volatility of a trade on the quote to
trade ratio (QT'7T;;) which measures the quoting activities during a 5-minute interval before the
trade. Quote to trade ratios have increased considerably in today’s fast trading environment, as a
consequence of the dominance of algorithmic and high frequency traders (HFTs) who utilize their
speed advantage to split and submit many orders that are subsequently canceled very quickly (e.g.
SEC, 2010, Hasbrouck and Saar, 2013, Conrad et al., 2015, O’Hara, 2015). Our result suggests that
HFT activities tend to increase future return volatility, as also noted by Boehmer et al. (2020).

Panel B of Table 2 reports the results relating to the relaxation of the assumption of a constant
contemporaneous volume-volatility relation. The results show that the positive dependence of
return volatility on the trading volume of a trade is negatively associated with the slope of the
LOB right before the trade, with statistical significance observed for more than 77% of all stocks.

Thus, the positive volume-volatility relation is neither constant nor exogenous as typically assumed

22This result is not due to multicollinearity, since the average correlation between N; ; and T;; (In(7}:)) across
all stocks in our sample is just -0.21 (-0.29). This correlation, although significant, is well away from 1, and in
addition, our estimated values of the N, ;, and T; ; coefficients are individually statistically significant.
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in most prior studies but it becomes weaker as the LOB becomes steeper and more concentrated
around the best quotes. Our result shows that the negative dependence of the volume-volatility
relation on the LOB slope prevails strongly at a tick-by-tick level, which complements and supports
similar findingb by Naes and Skjeltorp (2006) and Jain and Jiang (2014) using lower-frequency data.

The dependence of the contemporaneous volume-volatility relation on the LOB slope is genuine
since the direct impacts of the slope and other order flow attributes on volatility are already
controlled for (provided in Table 2(B) below the interaction term). In fact, a comparison of the
coefficients on Slope; ; between Panels A and B suggests that allowing the volume-volatility relation
to vary with the LOB slope reduces the direct effects of the slope on return volatility, even though
the direct effects are still strong and significant for the majority of stocks. It follows from Panel B
that the LOB slope right before a trade negatively affects the return volatility of the trade through
two channels: a direct channel (captured by the coefficients on Slope;;) and an indirect channel
(captured by the coefficients on v; ;Slope; ;) that changes the volume-volatility relation. Intuitively,
a steeper LOB with more shares allocated around the inner quotes can better absorb the liquidity
demand of a future trade, which directly reduces the volatility of the trade. In addition, a steeper
LOB also weakens the volume-volatility relation of the trade, lowering the trade’s volatility further.
Meanwhile, the direct effects of trading volume on return volatility (captured by the coefficients
on v;;) remain strongly positive after one allows the volume-volatility relation to depend on the
LOB slope, even though the proportions of significant volume coefficients are slightly smaller for
medium and small cap stocks.

We now investigate the results for a volume-volatility relation that is dynamically dependent
on the LOB slope (see Panel C of Table 2). In support of the theories of Copeland (1976), Jennings
et al. (1981), Shalen (1993), and Banerjee and Kremer (2010) and the empirical work of Manganelli
(2005), Xu et al. (2006), Nolte (2008), Carlin et al. (2014), and Do et al. (2014), Panel C shows that
return volatility is positively correlated with both current and lagged trading volumes, implying
that this relation is indeed dynamic. In addition, the positive dependence of return volatility on
volume also varies with the dynamics of the LOB slope, with larger order book slopes (i.e. steeper
LOBs) weakening the volume-volatility relation. However, most of the effects on the volume-
volatility relation are attributable to the LOB slope immediately before a trade (see the “Lag 07

coefficients), while the contribution of the past order book information, albeit of expected sign, is
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of much smaller magnitude and of much less statistical significance. In contrast, most of the direct
impact of the LOB slope on future return volatility comes from the lagged information (see the
“lep” coefficients), while the coefficients measuring the direct effects of the slope right before a
trade (i.e. the “Lag 0”7 coefficient estimates) on volatility are usually of opposite and unexpected
signs. All else being equal, the cumulative influence, either direct or indirect, of the LOB slope
prior to a trade on the return volatility of the trade is smaller in magnitude for more liquid stocks
(compare large cap stock with mid and small cap stocks).

The contrasting results between the direct and indirect effects of the LOB slope are interesting
and can be explained as follows: In order to predict the return volatility of an incoming trade
without knowing the volume of that trade, one needs to make use of all past trading information
(including past order book characteristics, past trading volumes and past volatilities) to draw a
likely and sensible picture of the relation between the past information, the expected volume of the
trade and its future volatility. That is, all past information is exploited to form a prediction of the
future transaction’s volume, based on which its return volatility is predicted. However, if one knew
the volume that the trade would demand, then the information that is currently being supplied
right before the execution of the trade contained in the LOB would be more relevant than the past
order book information for the determination of how the trade would move prices. As a result,
it seems reasonable that the direct impact of the LOB slope on return volatility, which does not
take into account the information about the volume of current trade, is mostly contributed by the
lagged effects, whereas its indirect effects on volatility, which channel through the volume-volatility
relation and incorporate the current volume information, are primarily driven by the current state
of the LOB right before the trade.

We now turn to an analysis of the dynamic volume-volatility relation that allows for possible
asymmetries between the bid and ask sides of the LOB. The results are reported in Table 3. First,
as expected, when an incoming trade is a buy (sell), it is the opposite (i.e. ask (bid)) side of
the LOB that is more important for determining the impact that the trade will have on prices.
Specifically, for a given trading volume the steeper the slope of the ask (bid) order book immediately
before a purchase (sale), the smaller the return volatility (see the coefficients on AskSlope; B; .
(BidSlope; S;+) in Panels A, B and C) and the weaker the positive dependence of volatility on

the volume (see the coefficients on v;  AskSlope; B (v;BidSlope;S;,) in Panels B and C) of the
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trade. These results not only complement the corresponding findings presented in Table 2, but are
also stronger than the latter in terms of statistical significance, which is generally in conformance
with previous studies (e.g. Naes and Skjeltorp, 2006, Brogaard et al., 2015) that show steeper and
deeper markets with more shares supplied near the inner quotes support liquidity and mitigate
the price impact and return volatility of trades. These results demonstrate the value in separating

analyses depending on which side of the LOB we are concerned.
<<INSERT TABLE 3 ABOUT HERE>>

In contrast to the opposite-side LOB slope, we find that a steeper slope of the same side LOB
as the direction of a trade tends to strengthen the volume-volatility relation (see the coefficients
on v;;BidSlope; B;+ and v;; AskSlope;+S;; in Panels B and C) of that trade, even though the
proportions of stocks that have significant coefficients are generally lower. Meanwhile, the direct
impact of the same side LOB slope on the volatility of the trade appears ambiguous (see the
proportions of significant coefficients on BidSlope;B;; and AskSlope;;S;; in Panels A and B).
These results highlight the asymmetric effects between the same-side and opposite-side LOB slopes
on return volatility and the volume-volatility relation.

Panel C provides strong evidence of the predictability of the dynamics of the bid and ask
slopes for the dynamic volume-volatility relation, with most of the predictive power contributed
by the current slope information right before the execution of a trade, which is consistent with the
results from a combined LOB presented in Table 2. While the negative indirect impact of the bid
(ask) slope on the future return volatility of a sell (buy), which is channeled through the dynamic
volume-volatility relation, remains economically and statistically significant for the vast majority
of stocks (see the coefficients on v; ; AskSlope; + B+ (v; 1 BidSlope; +S; ) in Panel C), its direct effects
on volatility, albeit of expected negative signs, are of much less statistical significance (compare
the coefficients on AskSlope;,;B;; (BidSlope;;S;;) in Panel C of Table 3 with the corresponding
results for Slope;; in Panel C of Table 2).

Table 3 indicates that the order type and direction of trade contain useful information about
the return volatility of the trade, which is in agreement with previous studies that find strong
evidence supportive of the important role played by trading or quoting directions in explaining the

price formation process (e.g. Hasbrouck, 1991a,b, Dufour and Engle, 2000, Barclay et al., 2003).
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We observe some asymmetries in the effects of the bid versus ask LOB slopes on return volatility as
well as on the volume-volatility relation. Incorporating the trade direction information and these
asymmetries between the bid and ask sides of the LOB significantly improves the in-sample fit of
the volatility regressions, with the adjusted R? measures increasing by 7-8 percentage points (or
about 40-45%), relative to those for a combined LOB in Table 2.

Overall, the results presented in Tables 2 and 3 show that the dynamics of the LOB information
summarized by the LOB slope are informative about the volume-volatility relation and ultimately
the return volatility of trades. The positive dependence of volatility on volume is dynamic, path
dependent and negatively related to the LOB slope. A larger same-side (opposite-side) slope prior
to a trade increases (decreases) the volume-volatility relation of the trade. The effects of market
depth on return volatility and the volume-volatility relation are asymmetric between the bid and

ask sides of the LOB and tend to be smaller in magnitude for large cap stocks.

4.2 Spread, depth and the volume-volatility relation

The previous subsection examines the informativeness of the LOB information across multiple
price levels about return volatility and the volume-volatility relation. In this subsection, we focus
on the LOB information at the inner quotes and investigate how the bid-ask spread and market
depths at best bid and ask quotes explain return volatility and the volume-volatility relation.
The results for an investigation of the power of the LOB characteristics at the inner quotes
for explaining the tick-by-tick volume-volatility relation for a combined LOB are presented in
Table 4. Panel A reports the coefficient estimates of a volatility regression under the assumption
that the volume-volatility relation is exogenous and fully contemporaneous. Consistent with the
findings discussed in the previous subsection and in prior literature, there is a strong positive
contemporaneous dependence of return volatility on trading volume that is statistically significant
for almost all stocks. The best level (i.e. lowest ask and highest bid) of the LOB has predictive
power about future return volatility in that the wider the bid-ask spread prior to a trade, the larger
the volatility (per unit of time) of the trade. This positive relation between spread and volatility
is significant at a 5% level for the majority of stocks in three groups and is consistent with the

theoretical model of Foucault et al. (2007) and the empirical findings of Hasbrouck (1991a), Naes
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and Skjeltorp (2006), Foucault et al. (2007), Nolte (2008), Pascual and Veredas (2010), Haugom
et al. (2014), and Jain and Jiang (2014). Meanwhile, the return volatility of a trade is negatively
dependent on the prevailing quoted depth right before the trade. This result is intuitive because
larger market depths available at the best bid and ask prices are better able to accommodate a
trade of a given size, resulting in fewer quote revisions and consequently lower price impact and
volatility of the trade (e.g. Ahn et al., 2001, Jain and Jiang, 2014, Brogaard et al., 2015, Pham

et al., 2020).
<<INSERT TABLE 4 ABOUT HERE>>

We now examine the results for the contemporaneous volume-volatility relation that is allowed
to vary with the LOB information at the inner quotes (see Panel B of Table 4). Consistent
with the theory of Foucault et al. (2007), there is strong evidence that the contemporaneous
volume-volatility relation is significantly related to the LOB characteristics at the best level. In
particular, the coefficients on v;,;Spread;, show that the positive dependence of return volatility
on the trading volume of a trade becomes stronger, the larger the bid-ask spread right before
the trade. In contrast, the v;;Depth;; coefficients show that larger supplies of shares at the best
bid/ask price weaken the volume-volatility relation. Both results are statistically significant at the
5% level for the majority of stocks (more than 68% and 79% respectively), and they are stronger,
in terms of the magnitude of the coefficients, for stocks with higher capitalization.

Similar to the results in Table 2, allowing the volume-volatility relation to be endogenously
related to the bid-ask spread and market depth weakens the direct effects of these order book
characteristics on return volatility (see the coefficients on Spread;; and Depth;; in Panel B in
comparison to those in Panel A), even though the direct effects are still strong and significant for
a big proportion of stocks, especially with regard to the bid-ask spread.?® This finding implies
that a more liquid order book market (which has deeper depths and/or narrower bid-ask spreads)

reduces trading volatility via two channels: by its direct impact on volatility and by its indirect

23The change of sign of the coefficient on market depth Depth; ; for the large cap stocks from negative (-0.994)
in Panel A to positive (+1.205) in Panel B appears counterintuitive, but it could be explained by the dominance
of the positive direct impact of same-side depth over the negative direct impact of opposite-side depth on return
volatility, as will be shown in Table 5(B). This result suggests that the indirect effects of market depth on return
volatility, which are transmitted through the volume-volatility relation, outweigh its direct impact, so overall the
return volatility of a trade in a large cap stock is negatively related the market depth prior to the trade, as seen in
Table 4(A).
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effect that is transmitted through and weakens the volume-volatility relation. Unlike the results
shown in Panel B of Table 2, the direct impact of trading volume on volatility, captured by £y in
Equation (1), changes sign from positive to negative for large and mid cap stocks and becomes
much less significant for small stocks following the relaxation of the constant volume-volatility
relation (comparing the coefficients on v;; in Panels A and B). This result suggests that the well-
documented positive association between trading volume and return volatility seems to be driven
by the LOB characteristics.

We now allow the volume-volatility relation to be dynamically dependent on the LOB infor-
mation at the best level. The results in Panel C of Table 4 indicate the dynamic nature of the
volume-volatility relation, which is also related to the dynamics of the bid-ask spread and mar-
ket depth. Larger bid-ask spreads and smaller depths available at the best quotes are associated
with a stronger positive dependence of return volatility not only on current trading volumes, as
discussed in Panel B, but also on lagged volumes. Similar to the results in Table 2, while most
of the direct impact of the bid-ask spread and market depth on return volatility comes from the
lagged LOB information (see the coefficients on Spread;; and Depth;;), their negative indirect
impact on future return volatility is primarily contributed by the current LOB characteristics that
prevail right before a trade, as demonstrated by the coefficients on v;;Spread;; and v;;Depth, ;.
This result is in conformance with the findings of Pham et al. (2020), who show that a comparison
of the volume of a trade with the prevailing market depth information right before the trade is of
particular relevance for identifying whether the trade results in any immediate impact on prices.
These authors show that the incorporation of the depth information into an immediate price im-
pact model significantly enhances the forecast accuracy of the model. Unlike the LOB slope, both
direct and indirect effects of the bid-ask spread and market depth on the volatility of an incoming
trade increase, in magnitude, with a stock’s liquidity (as proxied by stock market capitalization).

Table 5 reports the results of an investigation in which we allow for possible asymmetries
between the LOB in explaining return volatility and the volume-volatility relation. Similar to the
results in Table 3, it is the opposite side of the LOB that is more predictive of the future return
volatility of a trade. In particular, for an incoming purchase (sale) of a given volume, the larger the
amount of shares available at the best ask (bid) quote immediately before that purchase (sale), the

smaller the return volatility (see the coefficients on AV, ;B;; (BV;.S;:) in Panels A, B and C) and
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the weaker the positive dependence of volatility on the volume (see the coeflicients on v; AV, ;B ,
(v;+BV;+S;+) in Panels B and C) of the trade. In contrast, both return volatility and the volume-
volatility relation of a trade is positively related to the market depth available on the same side of
the LOB as the direction of a trade, as demonstrated by the coefficients on BV;;B;; and AV;;S;,
in Panels A and B, as well as those for v; BV, ; B, ; and v; ;AV; ;.S;; in Panels B and C. These results
are consistent with the findings in the prior literature on order aggressiveness (e.g. Biais et al.,
1995, Ranaldo, 2004, Aitken et al., 2007, Duong and Kalev, 2013) in that investors tend to submit
more (less) aggressive orders when the same-side (opposite-side) market depth increases since the
non-execution risk of an incoming limit order is higher (lower). As more aggressive orders typically
have a larger impact on prices (Biais et al., 1995, Duong and Kalev, 2013, Brogaard et al., 2019), it
follows that larger same-side (opposite-side) market depth increases (decreases) the future trading

volatility.
<<INSERT TABLE 5 ABOUT HERE>>

In conformance with the results from the previous tables, the direct effects of the bid and ask
depths on return volatility become weaker once one allows for the endogeneity of the volume-
volatility relation. Panel C of Table 5 shows that the dynamics of the bid and ask depths play a
significant role in explaining future return volatility. While the direct impact of the bid and ask
depths on return volatility mostly comes from their lagged information, their current information
right before the execution of a trade is the main driver of the volume-volatility relation which
constitutes their indirect impact on volatility. Furthermore, the higher the stock capitalization,
the bigger the cumulative impact of the best bid and ask depths, either direct or indirect, on return
volatility. Similar to the earlier comparison of Table 2 and Table 3 results, Table 5 shows that
consideration of bid/ask and direction of trade asymmetries enhances the in-sample explanatory
power of the volatility regressions relative to those in Table 4, leading to an average increase of

about 3-4 percentage points (or about 20-25%) in the adjusted R2.

4.3 Spread, depth, slope and the volume-volatility relation

Subsections 4.1 and 4.2 demonstrate the influence of LOB dynamics on return volatility and the

volume-volatility relation, with subsection 4.1 examining the explanatory power of the LOB slope
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(which uses quotes at many levels), and subsection 4.2 focussing on the bid-ask spread and market
depth (based on best level quotes). In this subsection, we investigate which portions of order book
information play a more important role in explaining the positive dependence of return volatility
on trading volume and when. The results of this analysis are reported in Table 6 for a combined

LOB, and in Table 7 where we allow for the separation of the bid and ask order books.?*
<<INSERT TABLES 6 & 7 ABOUT HERE>>

In conformance with the results discussed in previous subsections, the return volatility of a trade
is positively related to both contemporaneous and lagged trading volumes while being negatively
dependent on the LOB slope prior to the trade, with statistical significance observed for the
majority of stocks. In addition, the dynamic volume-volatility relation is not constant but varies
inversely with the dynamics of the LOB slope, which is in agreement with Naes and Skjeltorp (2006)
and Duong and Kalev (2014). The more concentrated the (opposite-side) order book is around
the inner quotes or the larger the (opposite-side) book slope prior to an incoming trade, the more
able the market is to absorb the trade. Consequently, there are fewer price revisions, resulting
in lower return volatility and a weaker volume-volatility relation. Since more highly capitalized
stocks typically have a steeper LOB (see Table 1), it follows that the effects of the LOB slope on
return volatility, either direct or indirect, should decrease with stocks’ liquidity, which is indeed
what we observe (when we compare mid and small cap stocks with large cap stocks).

After controlling for the LOB slope, both direct and indirect effects of the bid-ask spread
and market depth on return volatility and the volume-volatility relation either switch signs or
become much less significant, as compared with the corresponding results previously reported in
Tables 4 and 5. This observation can be explained by the fact that the LOB slope, by definition,
encompasses the information about the LOB both at and beyond the best quote level. Since the
LOB outside the inner quotes is informative about future returns and volatility (Ahn et al., 2001,
Kalay et al., 2004, Neaes and Skjeltorp, 2006, Kalay and Wohl, 2009, Pascual and Veredas, 2010,
Duong and Kalev, 2014, Jain and Jiang, 2014, Tian et al., 2019), the information contained in

the LOB slope appears to dominate the bid-ask spread and the market depth in explaining the

24For brevity, we only report in Table 7 the estimates of the LOB attributes that are of the opposite side to
the direction of a trade (e.g. AskSlope; B; ) from the volatility equation. The results for the LOB characteristics
that are of the same side as the direction of a trade (e.g. BidSlope;B; ) are of less interest and are often less
statistically significant. A complete table of results is available upon request.
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return volatility and the volume-volatility relation of trades. In fact, this result is in harmony
with work by Naes and Skjeltorp (2006), who show that the contemporaneous correlation between
daily volatility and the number of trades within a day becomes negatively (positively) related to
the bid-ask spread (total depth in the LOB) after the LOB slope is taken into account. It is also
consistent with Pascual and Veredas (2010), who find that the ex-post informational volatility
of the latent efficient price process is positively (negatively) dependent on the depth available at
(beyond) the best quotes, especially when one realizes that the information of the depth beyond
the best quotes is incorporated in the LOB slope.

Overall, the results in subsections 4.1-4.3 highlight the dynamic nature of the volume-volatility
relation which is positive and varies with the dynamics of the LOB. The dependence of return
volatility on the trading volume of a trade is positively associated with the bid-ask spread but
negatively correlated with the market depth at the best quotes and the slope of the LOB prior
to the transaction. Since the LOB slope, by definition, captures the information contained in
the bid-ask spread and the market depth at the best quotes, it acts as the dominant explanatory
factor of the volume-volatility relation and the return volatility of a trade. The impact of the LOB
characteristics on the future return volatility of a trade depends on the liquidity of stocks and
is transmitted through two channels: a direct channel that is mainly contributed by the lagged
order book information, and an indirect channel that transfers the effects via the volume-volatility
relation and is primarily driven by current order book information that prevails immediately before
the trade. Table 7 shows that there are also asymmetries between the influence of the bid and ask
order books on return volatility and the volume-volatility relation, with the opposite-side order

book possessing the dominant predictive power about the return volatility of an incoming trade.

4.4 Robustness

We use the LOB slopes that are calculated using 10 best bid and ask levels from the LOB. An
interesting and natural question is whether the slopes become more or less informative about the
return volatility and the volume-volatility relation of trades if they are computed from different
sets of the LOB information. To answer this question, we employ different bid and ask levels (5

and 20) from the LOB to calculate the slope measures, and then reexamine our analysis. The
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results of this exercise are reported in Table A.2 in the Appendix for a combined LOB, and in
Table A.3 for an order book that is separated into bid and ask sides.?®

Overall, the results from Tables A.2 and A.3 are qualitatively similar to those reported in Ta-
bles 6 and 7, respectively, with both the dynamic volume-volatility relation and return volatility
strongly negatively associated with the dynamics of the slopes of the (opposite-side) order book.
The indirect effects of the (opposite-side) order book slope on return volatility, which are transmit-
ted through the volume-volatility relation, tend to decrease with stocks’ liquidity (when comparing
mid and small cap stocks with large cap stocks) and mainly stem from the slope information that
is available right before a trade. The direct effects of the LOB slope on return volatility are also
inversely related to stocks’ liquidity; however, they are of less statistical significance than the in-
direct effects and are mainly explained by lagged slope information (see Table A.2). These direct
effects even play a much smaller statistical role than the corresponding indirect effects when one
allows for potential asymmetries between the bid and ask order books (see Table A.3).

The LOB slope dominates the bid-ask spread and the market depth in explaining the return
volatility and the volume-volatility relation of a trade. Nevertheless, the market depth at the best
quotes possesses significant predictive power for volatility, especially for mid and small cap stocks,
when 20 best quote levels are used to construct the LOB slope (see the coefficients for v, Depth, ;
in Panel B of Table A.2, and those for v;;BV;;S;; and v; ;AV;;B;; in Panel B of Table A.3).

There is, however, an interesting observation that is worth highlighting. While the impact of
the LOB slope on the volume-volatility relation, or equivalently the indirect influence of the slope
on return volatility, becomes stronger (in magnitude) for large cap stocks when more order book
information is employed to construct the slope measure, this impact is biggest for mid and small
cap stocks when the LOB slope is computed using 10 best bid and ask levels. In addition, the
proportions of significant coefficients for the mid and small cap stocks are also remarkably lower
for the slope measure computed using the 20 best quotes from the book. These results suggest

that for almost all stocks, the sixth to tenth best levels of the LOB possess significant predictive

25To save space, we only tabulate the results for the case where the volume-volatility relation is allowed to be
dynamic and endogenously related to the bid-ask spread, the market depth at the best quotes, and the slope of the
LOB right before a trade. In addition, we only report the estimated coefficients for the LOB attributes and their
interactions with trading volume v; + in the volatility equation. In Table A.3, only the coefficients for the attributes
of the opposite side to the trade direction (e.g. v; ;AskSlope;B; ) are reported. The estimates for other variables
are of less interest and are qualitatively similar to the corresponding ones reported in the main text. A complete
table of results is available upon request.
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power about future return volatility in addition to that contained in the first five best quotes.
Quotes and depths that are queued beyond the tenth best level (and up to the twentieth best
level) are informative about volatility only for highly liquid stocks but not for less liquid stocks.
The reason for this is that for illiquid stocks, quotes outside the 10 best levels are likely stale
orders. Consequently, the inclusion of these levels in the slope calculation reduces the relevance of
the LOB slope measure for less liquid stocks, which possibly explains the observed improvements
in the ability of the depth (at best quotes) measure to predict volatility and the volume-volatility
relation for these stocks.

The second set of robustness checks the sensitivity of the informativeness of the LOB informa-
tion to different winsorization cut-off levels. In order to avoid the effect of the outliers, in previous
analyses all variables are winsorized, on a stock-by-stock basis, at the 1°¢ and 99*" quantiles (i.e. 2%
winsorization). We now redo our analyses (with the LOB slope constructed from the 10 best bid
and ask levels) adopting two different winsorization cut-off levels, namely the 0.5®-99.5'" quantiles
(i.e. 1% winsorization) and the 2"4-98" quantiles (i.e. 4% winsorization).? The results of this
investigation, respectively reported in Tables A.4 and A.5 in the Appendix, again qualitatively
resemble those reported in Tables 6 and 7, suggesting that our main finding that the slope of
the (opposite-side) LOB is an important determinant of the dynamic volume-volatility relation
is robust to different winsorization levels. It is, however, noted that this main finding generally

becomes more (less) statistically significant when the 4% (1%) winsorization window is employed.

5 Why is the order book slope informative?

The previous analyses highlight the significant information content of the LOB slope about the
return volatility and the volume-volatility relation of trades. In order to interpret the informa-

tiveness of the order book slope given a lack of theoretical guidance, Nzes and Skjeltorp (2006)

26Tn addition to the two stocks discussed in footnote 15, another stock GFF (Goodman Fielder Limited - Small
cap) is removed after the 0.5'1-99.5t" winsorization for the reason explained in footnote 19, leaving us with a sample
of 197 stocks (49 Large cap, 50 Mid cap, and 98 Small cap). Meanwhile, additional eleven stocks, namely TLS
(Telstra Corporation Limited - Large cap), ALZ (Australand Property Group - Mid cap), DUE (DUET Group -
Mid cap), DJS (David Jones Limited - Mid cap), ENV (Envestra Limited - Mid cap), AQA (Aquila Resources
Limited - Small cap), CMW (Cromwell Property Group - Small cap), GFF (Goodman Fielder Limited - Small cap),
HZN (Horizon Oil Limited - Small cap), SIP (Sigma Pharmaceuticals Limited - Small cap), and TEN (Ten Network
Holdings Limited - Small cap), are removed after the 2°4-98*" winsorization, resulting in a sample of 187 stocks (48
Large cap, 46 Mid cap, and 93 Small cap).
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conduct an empirical analysis to identify factors that can explain the slope. Based on an empirical
observation that there is a significant negative relation between the average monthly LOB slope
and the variation in the analysts’ monthly earnings forecasts, these authors suggest that the LOB
slope acts as a proxy for disagreements amongst investors. The more traders disagree about the
true value of a stock, the wider the range of prices and volumes of the limit or market orders that
they will submit, resulting in a less concentrated LOB with a more gentle slope. This conjecture of
Nees and Skjeltorp (2006) seems to fit in with a strand of theoretical studies that demonstrate that
disagreements amongst investors about asset values are a key factor contributing to the positive
correlation between trading volumes and absolute price changes. These disagreements may result
from either private information asymmetry (e.g. Grundy and McNichols, 1989, Shalen, 1993) or
differences of opinions about public information (e.g. Harris and Raviv, 1993, Kandel and Pearson,
1995, Banerjee and Kremer, 2010). An empirical study of Carlin et al. (2014) also finds that both
trading volume and return volatility become larger following an increase in investors’ disagree-
ment. Similarly, Wang and Wu (2015) document that the contemporaneous impact of the number
of trades on price volatility varies across different corporate bond groups that are classified accord-
ing to the dispersion of analysts’ earnings forecasts, and it is typically larger for bonds that have
higher analyst disagreement. Since investor heterogeneity is a driver of the positive dependence
of volatility on volume, the informativeness of the LOB slope about the volume-volatility relation
can be reasonably explained if the slope is indeed a proxy for the heterogeneity of investors as
suggested by Neaes and Skjeltorp (2006).

In this study, we do not aim to empirically test the above Naes and Skjeltorp’s (2006) conjecture,
which is connected to the theoretical prediction of Harris and Raviv (1993), Shalen (1993), Banerjee
and Kremer (2010), amongst others. Instead, we provide an intuitive graphical illustration that
not only directly explains why return volatility and the volume-volatility relation are negatively
associated with the slope of the (opposite-side) LOB, but also complements Naes and Skjeltorp’s
(2006) conjecture.

Consider a market order submitted to the LOB of a hypothetical stock A that immediately
results in a trade. Suppose that right before the execution of the market order, the LOB of stock A
has the best bid quote of Py — s/2 and the best ask quote of Py + s/2, implying that the prevailing

mid quote is Fy and the quoted bid-ask spread is s. To obtain a clearer and simplified picture of
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how the slope of the LOB that prevails immediately prior to the trade affects the price at which the
trade is transacted and the volume-volatility relation of the trade, we assume that (i) the market
order that leads to the trade is buyer-initiated so that the ask side of the LOB is relevant for the
execution of the order; (ii) the depths queued on the ask order book right before the trade are
nicely allocated such that the ask book can be smoothly illustrated by an increasing straight line
starting from the best ask;?” (iii) the last transacted price of stock A is P and it is no greater than
the prevailing best ask quote Py + s/2; (iv) the size of the market order, Vi,y, is larger than the
depth available at the best ask; and (v) the market order is very aggressive such that it walks up

the LOB and is fully executed.
<<INSERT FIGURE 1 ABOUT HERE>>

Figure 1 illustrates how the price of stock A adjusts to accommodate the market buy order or
the purchase. We consider two scenarios. The first is one for which the ask order book of stock
A right before the execution of the purchase has less shares queued close to the best ask quote
and hence is relatively flat. The ask order book in this scenario is illustrated with a dashed black
line labeled as “Ask order book 17, with Ask Depth; shares available at the best ask. The second
scenario is one for which the ask order book prior to the trade is more concentrated around the
best ask and has a bigger slope, which has the best ask depth of Ask Depth, (> Ask Depth,) and
is presented by a solid black line with an “Ask order book 2”7 label. Note that the “Ask order book
17 (“Ask order book 2”) can also be viewed as the state of the LOB for stock A when there is a
high (low) degree of disagreement amongst traders whose orders are placed over a wide (narrow)
range of prices. Thus, the two scenarios under consideration here are compatible with Naes and
Skjeltorp’s (2006) suggestion.

From Figure 1, the execution of the buy of size V4,,, moves the price of stock A to P; (P») under
the first (second) scenario from the previous transaction price P. Clearly, the absolute change in
the price of stock A, which is a proxy for volatility that is widely used in the literature, is smaller
in the second scenario where the slope of the ask order book that prevails right before the purchase

is larger (i.e. |Py, — P| < |P; — P|), and this explains the negative correlation between volatility

and the LOB slope.

27Strictly speaking, the limit order book has a non-decreasing piece-wise linear shape.
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To see how the LOB slope affects the volume-volatility relation, consider a hypothetical increase
of AVi,yy in the volume of the purchase from V4, to Vguy. This pushes the price of stock A further to
P/ (Pj) under the first (second) scenario, implying an increase in the price of AP, (AP,), relative
to the previous price when the size of the purchase is Vi,y. The impact of the increase in the
buying volume on the stock price, which is essentially a measure of the volume-volatility relation,
is AP /AViuy (APy/AViyy) in the first (second) scenario. Since APy /AWy > APy /AViyy, it
follows that the volume-volatility relation becomes weaker the larger the LOB slope is prior to the
trade.

The main intuition underlying the informativeness of the LOB slope discussed above still holds
without the aforementioned simplifying assumptions. Assumption (i) is imposed without a loss of
generality so that we only need to focus on the relevant side of the order book. If the market order
is a sale, a qualitatively similar graph based on the bid order book can be employed. Assumption
(ii) is also trivial and is added to assist the drawing of the graph. It is easy to verify that the
above argument from Figure 1 remains valid if we use the commonly observed piece-wise linear
limit order book instead. Assumption (iii) is also not an unreasonable assumption given that the
majority of trades are executed at the inner quotes, since trading volume is often much smaller
than the quoted market depth at the best level (see Table 1). If the previous transaction before
the purchase of size Vi, illustrated in Figure 1 was a sale, it was certainly executed against the
bid order book at a price less than the best ask price. If the last transaction was a purchase, it
was very likely transacted either at Py+s/2 (when either (a) the best ask prior to that transaction
was also Py + s/2 and the trading volume was less than the depth at Py + s/2; or (b) the best ask
prior to the transaction was less Fy+ s/2 and the trading volume was less than the cumulative ask
depths up to Py + s/2), or at one tick lower (when the best ask prior to the transaction was one
tick lower than Py + s/2 and the trading volume was exactly equal to the ask depth). However,
there is a possibility that the last transacted price might be larger than Py + s/2, which happens
if after the last transaction, there were submissions of limit sell orders that pushed the best ask
back to Py + s/2. Even in this case, the main idea from Figure 1 still holds in general.

Unlike the first three assumptions, assumption (iv) is quite strong and often unrealistic. It is
imposed to facilitate the delivery of the main intuition, but it can be relaxed. So far, we have

treated the trading volume V4, of the purchase as known and given, but it should be a random
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variable whose value depends on an investor’s liquidity needs and/or information and belief set.
If Viny < Ask Depth; < Ask Depth,, the market buy order will be executed at the best ask
Py 4+ s/2 under both scenarios, suggesting that the volatility of the trade will be the same for
both situations. However, as Ask Depth, > Ask Depth,, the probability of V4, being larger than
Ask Depth, is higher than the probability that V4, is bigger than Ask Depth,, all else being equal,
which implies that the main idea from Figure 1 remains true in a probabilistic sense and so too
on average. Similarly, assumption (v) is rather strong since large aggressive market orders are less
often seen in empirical data (e.g. Griffiths et al., 2000, Ranaldo, 2004, Duong and Kalev, 2013).
However, if the probability of such large aggressive orders is the same in both scenarios (i.e. for
both ask order books 1 and 2), then the main intuition from Figure 1 still holds on average without
assumption (v).

In summary, we present in Figure 1 as a graphical rationale for the negative dependence of the
return volatility and the volume-volatility relation of a trade on the prevailing LOB slope right
before the trade. This negative dependence is empirically found in the current study and previous
research (see, amongst others, Nees and Skjeltorp, 2006, Duong and Kalev, 2014, Jain and Jiang,
2014, Tian et al., 2019), and it reaffirms the informativeness of the LOB information about the

price formation process.

6 Conclusions

This research extends prior literature on the volume-volatility relation by highlighting the signifi-
cant information content of the LOB about the return volatility and the volume-volatility relation
of individual trades. While most existing studies in the literature assume a constant and fully
contemporaneous volume-volatility relation, we find strong evidence that the positive dependence
of return volatility on the trading volume of a trade is dynamic. In addition, the volume-volatility
relation is positively correlated with the bid-ask spread but negatively related to the market depth
at the best quotes and the LOB slope prior to the transaction. The dynamics of the LOB charac-
teristics also play a significant role in explaining future return volatility. While their direct impact
on volatility is primarily contributed by their lagged information, it is their current information

right before a trade that drives the volume-volatility relation, which captures their indirect impact
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on volatility.

We find significant asymmetries between the effects of the bid and ask order books on return
volatility and on the volume-volatility relation, with the LOB of the opposite side to the direction
of an incoming trade being particularly informative about the return volatility of the trade. The
LOB slope plays the dominant role in explaining return volatility and the volume-volatility relation
even when we incorporate the information from the bid-ask spread and the market depth at the
best quotes. We justify our finding that return volatility and the volume-volatility relation are
negatively associated with the LOB slope with a simple intuitive graphical illustration, which is

compatible with prior explanations of the informativeness of the order book slope in the literature.
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Table 1: Summary statistics of trading activities and the order book characteristics

Large cap Mid cap Small cap  All stocks

Number of stocks 49 48 97 194
Market capitalization ($AUD bn) 22.707 3.266 1.016 7.051
Shares outstanding (millions) 1748.409 856.875 482.700 894.969
Return (%) (x100) -0.003 0.007 10.034 -0.016
Volume (thousand shares) 1.457 1.564 2.328 1.919
Duration (secs) 11.582 21.788 33.864 25.248
Absretpd 0.834 1.502 2.005 1.585
Volpd 81.681 84.777 93.033 88.123
Spread (%) 0.123 0.237 0.442 0.311
Bidvol (thousand shares) 56.436 155.741 100.329 102.953
Askvol (thousand shares) 56.861 66.036 84.114 72.758
Depth (thousand shares) 113.696 222.123 184.846 176.098
BidSlope 25.268 11.456 7.030 12.732
AskSlope 25.155 11.355 6.987 12.657
Slope 25.215 11.407 7.009 12.696
N 42.804 23.124 16.235 24.650
ATS (thousand shares) 1.639 1.767 2.710 2.206
OIB 0.635 0.451 0.427 0.486
QTT 13.763 13.004 12.349 12.868

This table presents summary statistics of trading activities and the order book characteristics for the constituent
stocks of the S&P/ASX200 index in July-December 2014. These stocks are classified into three groups: “Large
cap” which contains stocks in the S&P/ASX50 index, “Mid cap” which contains stocks in the S&P/ASX100 index
but outside the S&P/ASX50 index, and “Small cap” which contains the remaining stocks in the S&P/ASX200
index. “Market capitalization” (in $AUD billion) is the market capitalization of firms as of 1 July 2014. “Shares
outstanding” is the number of shares outstanding (in millions) right before a trade. “Return” (in %, and multiplied
by 100) measures the change in log of the mid-quote right before a trade and the next trade. “Volume” is the
number of shares (in thousands) traded in each trade. “Duration” (in seconds) is the time interval between two
consecutive trades. “Absretpd” is the absolute return per unit of time, calculated as the absolute value of the
return of a trade divided by its duration. “Volpd” is the share volume traded per unit of time, calculated as the
volume (in thousands) of a trade divided by its duration. “Spread” (in %) is the relative spread (i.e. quoted spread
as a % of the mid-quote right before a trade). “Bidvol”, “Askvol” and “Depth” are respectively the total share
volumes (in thousands) available at the best bid price, the best ask price, and both best bid and ask prices right
before a trade. “BidSlope” (“AskSlope”) is the slope of the bid (ask) side of the order book using 10 best bid/ask
price levels right before a trade. “Slope” is the slope of the limit order book right before a trade, calculated as
(“BidSlope” + “AskSlope”)/2. “N” (“ATS”) is the number of trades (the average trade size, in thousands) during
a 5 minute interval right before a trade. “OIB” is the order imbalance, defined as the number of buys minus
the number of sells during a 5 minute interval right before a trade. “QTT” is the quote to trade ratio during a
5 minute interval right before a trade. All variables for each stock are winsorized at the 15% and 99" quantiles
to avoid the effects of outliers. All the statistics reported in the table (excepting those in the first line) are first
computed for each individual stock and then equally averaged across all stocks.
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Table 2: Slope and the volume-volatility relation: Combined limit order book

Large cap (49 stocks) Mid cap (48 stocks) Small cap (97 stocks)
Med %—5% %+5% Med %—5% %+5% Med %—5% %+5%
Panel A: Constant contemporaneous volume-volatility relation
Vj ¢ 0.937 0.0% 95.9% 0.874 0.0% 100.0% 1.012 0.0% 100.0%
Slope; + -0.029 69.4% 24.5% -0.299 85.4% 10.4% -0.398 75.3% 17.5%
In(T5 ) -0.633  100.0% 0.0% -1.226  100.0% 0.0% -1.469  100.0% 0.0%
it -0.009  100.0% 0.0% -0.036  100.0% 0.0% -0.062  100.0% 0.0%
ATS,; 0.193 0.0% 98.0% 0.216 2.1% 95.8% 0.130 0.0% 99.0%
OIBtr; 4 0.000 16.3% 36.7% 0.002 4.2% 41.7% 0.005 8.2% 41.2%
QTT; 0.016 0.0% 100.0% 0.029 2.1% 97.9% 0.041 0.0% 100.0%
adj. R? 0.159 - - 0.174 - - 0.179 - -
Panel B: Endogenous contemporaneous volume-volatility relation
Vit 3.980 0.0% 98.0% 8.420 2.1% 97.9% 4.941 0.0% 92.8%
v ¢ Slope; ¢ -0.132 77.6% 12.2% -0.826 85.4% 8.3% -0.577 82.5% 7.2%
Slope; ¢+ -0.018 61.2% 30.6% -0.207 79.2% 12.5% -0.233 67.0% 21.6%
adj. R? 0.169 - - 0.182 - - 0.185 - -
Panel C: Endogenous dynamic volume-volatility relation
Vj ¢ Lag 0  3.865 2.0% 95.9% 8.265 2.1% 95.8% 4.931 0.0% 91.8%
Zl:p 1.395 0.0% 77.6% 1.812 0.0% 47.9% 0.964 3.1% 40.2%
ZOW 7.013 0.0% 95.9% 11.046 2.1% 93.8% 6.116 0.0% 94.8%
v; +Slope;;  Lag 0 -0.128 77.6% 12.2% -0.786 85.4% 8.3% -0.574 81.4% 8.2%
th -0.034 65.3% 0.0% -0.140 41.7% 0.0% -0.111 39.2% 4.1%
op  ~0-205 81.6% 10.2% -1.011 87.5% 4.2% -0.737 82.5% 3.1%
Slope; ¢ Lag 0  0.017 30.6% 57.1% -0.019 41.7% 39.6% 0.188 27.8% 56.7%
an -0.111 85.7% 2.0% -0.247 70.8% 4.2% -0.520 72.2% 12.4%
ZO:p -0.084 93.9% 0.0% -0.380 87.5% 0.0% -0.437 90.7% 1.0%
adj. R? 0.174 - - 0.193 - - 0.194 - -

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 2014. The estimated

model in Panels A to C is
12 p

P
i = oo + i Mondayi ;. + pohourlie + Y ajoii—j+ Y [Bok + Setii—k]vii—k + P VeTii—k + T Yir + it
j=1 k=0 k=0
where o; ¢ is a proxy for return volatility per unit of time of the t-th transaction in stock ¢, which is estimated as the absolute
value of the residual [€;+| of the following autoregressive model of returns r;; divided by the duration 7;: of the trade (i.e.
it = |€,¢)/Tie):
5 5 12
Tit = Z Yk Dayk,it + Z @i, khoury,i,c + Z pikTii—k + 0 it + Nyie + €.
k=1 k=1 k=1
x;,+ = Slope; + is a potential predictor of the volume-volatility relation. v;: = (In(T3,:), Ni¢, AT'Si .+, OIB; +,QTT; )" is a vector
of control variables that allow for the effects of the order flow prior to a trade. See Table A.1 and the notes of Table 2 for the
definitions of the variables and other notation. The restriction dp = 0 is imposed in Panel A, and the coefficient lag length p
is set to p = 0 in Panels A and B, while p is set to p = 5 in Panel C.
This table reports the coefficient estimates for v; + and x; + from the volatility equation and those for y; + in Panel A only, but
a complete version of this table is available upon request. The regression is separately run for each stock, using Newey-West
heteroskedasticity and autocorrelation consistent estimation. ;. (in Panel C only) denotes the sum of the coefficients from
lag i up to lag p. For brevity, we only report the median coefficients in “Med” column for each group. %—s9 (%+5%) indicates
the proportion of estimates in each group that are significantly negative (positive) at a 5% level. “adj.R*” denotes the adjusted
R2. Note that as the median operator is not additive, “Lag 0” and “lep” median coefficients generally do not add up to that

Of :420:1;7 .
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Table 3: Slope and the volume-volatility relation: Bid vs. Ask sides

Large cap (49 stocks) Mid cap (48 stocks) Small cap (97 stocks)
Med %—59  Yo+59 Med %—59  %+59 Med %—59  %ts59
Panel A: Constant contemporaneous volume-volatility relation
Vgt 1.390 0.0% 100.0% 1.295 0.0% 100.0% 1.417 0.0% 100.0%
BidSlope; 1 B; ¢ 0.002 36.7% 55.1% -0.017  39.6% 33.3% 0.019 25.8% 40.2%
BidSlope; +5; -0.039  93.9% 2.0% -0.279  97.9% 2.1% -0.344  90.7% 1.0%
AskSlope; +B; ¢ -0.037  89.8% 6.1% -0.212  89.6% 4.2% -0.337  82.5% 5.2%
AskSlope; +S; 0.003  30.6% 55.1% 0.009 25.0% 37.5% 0.073  24.7% 52.6%
adj. R? 0.235 - - 0.252 - - 0.244 - -
Panel B: Endogenous contemporaneous volume-volatility relation
Uit 6.916 0.0% 98.0% 11.525 2.1% 97.9% 5.443 0.0% 95.9%
v; 1 BidSlope; 1 B; t 0.101 2.0% 75.5% 0.327 4.2% 66.7% 0.446 0.0% 71.1%
v; 1 BidSlope; +S; -0.467  91.8% 0.0% -1.569  93.8% 6.2% -1.360  96.9% 0.0%
v; 1 AskSlope; 1 B; ¢ -0.467  95.9% 0.0% -1.584  93.8% 2.1% -1.418  92.8% 0.0%
v; t AskSlope; +S; 0.157 0.0% 85.7% 0.382 6.2% 72.9% 0.583 1.0% 71.1%
BidSlope; 1 B; 0.001  36.7% 51.0% -0.045  45.8% 25.0% -0.006  30.9% 29.9%
BidSlope; 1 S; 4 -0.020  89.8% 4.1% -0.154  83.3% 2.1% -0.212  79.4% 6.2%
AskSlope; 1 B; + -0.027  83.7% 10.2% -0.113  83.3% 4.2% -0.191  74.2% 9.3%
AskSlope; +S; ¢ 0.002 36.7% 49.0% -0.001  27.1% 27.1% 0.024 26.8% 43.3%
adj. R? 0.270 - - 0.277 - - 0.268 - -
Panel C: Endogenous dynamic volume-volatility relation
Vit Lag 0  6.580 0.0% 93.9% 11.348 2.1% 97.9% 5.317 0.0% 95.9%
lep 1.479 0.0% 77.6% 1.176 0.0% 52.1% 0.799 3.1% 39.2%
ZOw 8.276 0.0% 95.9% 12.024 2.1% 95.8% 6.493 0.0% 94.8%
v; 1 BidSlope; 1 B;;  Lag 0 0.102 2.0% 75.5% 0.318 4.2% 66.7% 0.471 0.0% 72.2%
Zl:p -0.045  46.9% 2.0% -0.081  39.6% 2.1% -0.180  43.3% 1.0%
Zo;p 0.039 4.1% 46.9% 0.128 6.2% 43.8% 0.284 3.1% 44.3%
v; 1 BidSlope; 1+ S;;  Lag 0 -0.468  89.8% 0.0% -1.576  93.8% 4.2% -1.354  96.9% 0.0%
th 0.006 18.4% 18.4% 0.049 4.2% 18.8% 0.087 2.1% 22.7%
dop 0473 87.8% 0.0% -1.481  93.8% 6.2% -1.192 89.7% 0.0%
v; tAskSlope; ¢ B;;  Lag 0 -0.471  95.9% 0.0% -1.559  91.7% 2.1% -1.440  92.8% 0.0%
lep 0.001  20.4% 14.3% 0.004 8.3% 20.8% 0.052 4.1% 17.5%
20:13 -0.401  89.8% 4.1% -1.511  93.8% 4.2% -1.221  87.6% 0.0%
v; 1 AskSlope; +S;; Lag 0  0.163 0.0% 87.8% 0.388 6.2% 75.0% 0.601 1.0% 73.2%
Zl:p -0.050  57.1% 0.0% -0.167  47.9% 0.0% -0.213  44.3% 0.0%
0:p 0.043 0.0% 46.9% 0.142  10.4% 37.5% 0.327 5.2% 41.2%
BidSlope; 1 B; + Lag0 -0.010 44.9% 44.9% -0.093  58.3% 29.2% -0.125  46.4% 30.9%
th -0.020  38.8% 8.2% 0.020 22.9% 27.1% -0.054  23.7% 25.8%
ZOm -0.039  36.7% 4.1% -0.036  29.2% 10.4% -0.021  16.5% 11.3%
BidSlope; +S; Lag 0 -0.007 51.0% 40.8% -0.137  50.0% 31.2% -0.057  40.2% 35.1%
Zl:p -0.009  36.7% 6.1% -0.020  25.0% 14.6% -0.084 34.0% 8.2%
ZO:]) -0.015  28.6% 2.0% -0.100  37.5% 0.0% -0.169  43.3% 2.1%
AskSlope; +B; t Lag 0 -0.009 44.9% 40.8% -0.037  41.7% 33.3% 0.048  29.9% 44.3%
Zl:p -0.041  46.9% 2.0% -0.045  35.4% 4.2% -0.196  47.4% 3.1%
Zo;p -0.041  40.8% 2.0% -0.119  39.6% 2.1% -0.242  49.5% 2.1%
AskSlope; +S; Lag0 0.005 36.7% 49.0% -0.025  41.7% 27.1% -0.066  35.1% 40.2%
th -0.034  51.0% 8.2% -0.044  33.3% 14.6% -0.063  34.0% 18.6%
op -0.042 51.0% 2.0% -0.066  22.9% 10.4% -0.089  22.7% 9.3%
adj. R? 0.272 - - 0.288 - - 0.274 - -

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 2014. The estimated model in
Panels A to C is
12 P P
oit = ao + p1 Monday; ¢ + p2hourl, ; + Z Qo t—j + Z[ﬁo,k + 8, ki e—k + Z VeTit—k + T Yie + Mie,
j=1 k=0 k=0
where o ¢ is a proxy for return volatility per unit of time of the ¢-th transaction in stock ¢, which is estimated as the absolute value of
the residual |€; ¢| of the following autoregressive model of returns r; + divided by the duration T; ; of the trade (i.e. 0;+ = [€¢|/T5+):
5 5 12
Tit = Z Vi kDayk,i ¢ + Z $i,khoury ;i + Z PikTi—k + 0 Tie + Nyie + i
k=1 k=1 k=1
x; ¢+ = (BidSlope; +B; ¢, BidSlope; +S; +, AskSlope; + B; +, AskSlope; +S; +)’ is a vector of potential predictors of the volume-volatility
relation. y; ¢ = (In(T,¢), Ni,e, ATSi 4, OIB; 4, QTT; ) is a vector of control variables that allow for the effects of the order flow prior
to a trade. See Table A.1 and the notes of Table 2 for the definitions of the variables and other notation. The restriction 9 = 0 is
imposed in Panel A, and the coefficient lag length p is set to p = 0 in Panels A and B, while p is set to p = 5 in Panel C. This table
reports the coefficient estimates for v; ; and x; ¢ from the volatility equation only, but a complete version of this table is available
upon request.
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Table 4: Spread, depth and the volume-volatility relation: Combined limit order book

Large cap (49 stocks) Mid cap (48 stocks) Small cap (97 stocks)
Med %—5% %+5% Med %—5% %+5% Med %—5% %+5%
Panel A: Constant contemporaneous volume-volatility relation
Vst 0.937  0.0% 95.9% 0.847  0.0% 100.0% 1.022  0.0% 100.0%
Spread; ; 3.607 20.4% 71.4% 5.573 10.4%  72.9% 3.029 21.6%  63.9%
Depth,; ¢ -0.994  49.0% 36.7% -2.994  583%  29.2% -1.600  57.7%  24.7%
adj. R? 0.155 - - 0.171 - - 0.179 - -
Panel B: Endogenous contemporaneous volume-volatility relation
Vit -0.463  44.9% 38.8% -0.908 45.8%  27.1% 0.444 19.6%  39.2%
v; 1Spread; 18.181 10.2% 75.5% 12.988  6.2%  79.2% 5169 10.3%  68.0%
v; e Depth; 4 -26.223  83.7%  0.0% -13.381  85.4% 8.3% -7.094  79.4% 1.0%
Spread; 2292 224% 67.3% 2969 12.5%  66.7% 1.637  24.7%  54.6%
Depth; 1.205 36.7% 51.0% -1.617  56.2%  35.4% -0.412  47.4%  35.1%
adj. R? 0.162 - - 0.180 - - 0.184 - -
Panel C: Endogenous dynamic volume-volatility relation
Vst Lag0 -0.420 44.9% 40.8% -0.872  45.8%  27.1% 0.460 19.6%  40.2%
Zl:p 0.204 224% 24.5% 0.317 10.4% 12.5% 0.040 82%  10.3%
ZO:p -0.014 28.6% 28.6% -0.272 22.9%  16.7% 0392 82%  36.1%
v;¢Spread;; Lag0 16.727 10.2% 75.5% 12.819  6.2%  75.0% 5.057 10.3%  67.0%
21;;7 8.092  0.0% 49.0% 2.885  21%  22.9% 0783  3.1%  19.6%
0p  26.320 41% 85.7% 15.889  2.1%  79.2% 6.055 6.2%  68.0%
vi¢Depth;; Lag0 -25.380 83.7%  0.0% -13.103  85.4% 8.3% -7.176  79.4% 0.0%
lep -9.332  49.0% 12.2% -3.680 43.8%  12.5% -1.552  29.9% 1.0%
op ~29.747 75.5%  4.1% -18.056  85.4% 8.3% -9.570  84.5% 1.0%
Spread; ; Lag0 -7.793 63.3% 26.5% -1.510 43.8%  29.2% -4.518 54.6%  22.7%
Zl:p 19.423  0.0% 71.4% 9.051  4.2%  56.2% 9.304 12.4%  66.0%
op 14797 0.0% 73.5% 7596  0.0% 66.7% 4718  2.1%  68.0%
Depth; Lag 0 61.806 14.3% 79.6% 25.541 27.1%  58.3% 25.687  72%  71.1%
El:p -61.657 79.6%  6.1% -28.805 62.5%  12.5% -32.570  74.2% 4.1%
op ~13.354 59.2% 10.2% -7.715  66.7% 6.2% -4.852  77.3% 0.0%
adj. R? 0.172 - - 0.188 - - 0.194 - -

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 2014. The estimated model in
Panels A to C is
12 p P
04,4 = oo + p1 Monday; ¢ + pahourl; s + Z Qo t—j + Z[ﬁo,k + 0% kUi -k + Z VeTit—k + T Yie + i,
j=1 k=0 k=0
where o; 4 is a proxy for return volatility per unit of time of the t-th transaction in stock 4, which is estimated as the absolute value of
the residual |€; ¢+| of the following autoregressive model of returns r; ; divided by the duration T; ; of the trade (i.e. o;¢ = [€ ¢]/Ti¢):
5 5 12
Tit = Z Vi kDayk it + Z @i khoury ; ¢+ + Z PikTit—k + @' Ti e + Nyie + €
k=1 k=1 k=1
Tt = (Spread;:, Depth; )’ is a vector of potential predictors of the volume-volatility relation. Yi,t =
(In(T3,¢), Nijt, AT'S;,4,0IB; 4, QTT; )" is a vector of control variables that allow for the effects of the order flow prior to a
trade. See Table A.1 for definitions of the variables. The restriction o = 0 is imposed in Panel A, and the coefficient lag length p is
set to p = 0 in Panels A and B, while p is set to p = 5 in Panel C. This table reports the coefficient estimates for v; ; and x; ; from
the volatility equation only, but a complete version of this table is available upon request.
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Table 5: Spread, depth and the volume-volatility relation: Bid vs. Ask sides

Large cap (49 stocks)

Mid cap (48 stocks)

Small cap (97 stocks)

Med %—s594  %ts% Med %—594  Y%ts5y% Med %—54  Y%ts5y%
Panel A: Constant contemporaneous volume-volatility relation
(e 1.254  0.0% 100.0% 1.238  0.0% 100.0% 1416  0.0% 100.0%
Spread; 4.564 16.3%  77.6% 6.546 10.4%  79.2% 3.508 13.4%  73.2%
BV, +B;+ 12.233  26.5%  71.4% 4921 229%  60.4% 3.530 20.6%  55.7%
BV; 1 Si+ -9.697  79.6% 6.1% -8.736  91.7% 6.2% -7.919  95.9% 0.0%
VitBit -6.753  75.5% 8.2% -6.557  85.4%  10.4% -5477  89.7% 0.0%
650t 13.568  6.1%  83.7% 4846 14.6%  68.8% 3.768 13.4%  59.8%
adj. R? 0.189 - - 0.215 - - 0.212 - -
Panel B: Endogenous contemporaneous volume-volatility relation
(o -0.357  46.9%  42.9% -0.760  45.8%  25.0% 0.578 16.5%  40.2%
v; tSpread; 18.988 10.2%  75.5% 15.285  6.2%  79.2% 5.354 6.2% 71.1%
v; ¢ BV; ¢Bi 4 25.892 122%  63.3% 5.447 16.7%  50.0% 2682  93%  38.1%
v; +BV; 1S5 ¢ -83.303  93.9% 0.0% -36.415  87.5% 0.0% -23.425  92.8% 0.0%
v; 1AV 1 B ¢ -77.159  98.0% 0.0% -37.500 87.5% 0.0% -21.382  90.7% 0.0%
v; tAVi+Sit 30.906 4.1%  61.2% 4567 104%  41.7% 1.473  12.4%  41.2%
Spread; 3.339 16.3%  71.4% 4.062 104%  77.1% 2.527 155%  63.9%
BV, B;+ 10.111  26.5%  69.4% 2,572 25.0%  56.2% 2.567 21.6%  55.7%
BYV; 1 Si -5.413  63.3%  14.3% -5.117  70.8% 6.2% -4.408  86.6% 1.0%
it Dt -2.899 57.1%  18.4% -3.696  66.7%  12.5% -2.851  67.0% 2.1%
AV, 4Si ¢ 10.542  82%  81.6% 3.769 16.7%  64.6% 2735 11.3%  56.7%
adj. R? 0.197 - - 0.226 - - 0.225 - -
Panel C: Endogenous dynamic volume-volatility relation
Vit Lag 0 -0.257 44.9%  42.9% -0.748  47.9%  25.0% 0.547 16.5%  40.2%
1p 0066 24.5%  14.3% 0.236 12.5%  10.4% 0.016 6.2% 10.3%
0p 0148 34.7%  26.5% -0.528 33.3%  20.8% 0447  82%  36.1%
v;¢Spread;; Lag0 18739 102%  75.5% 14.545  62% 77 1% 5.259  82% 71.1%
D1 9.219  0.0%  59.2% 3.085  21%  22.9% 098 21% 19.6%
Yo 27570 41%  87.8% 17.782  2.1%  177.1% 6.972  52% 71.1%
v;+BV;4B;y Lag0 33340 122%  63.3% 4931 104%  50.0% 2422 93%  39.2%
Do 1249 32.7% 0.0% -3.391  16.7% 0.0% -2.095  23.7% 0.0%
> o 25.947 16.3%  55.1% 3.146  16.7%  31.2% 0.904 10.3% 18.6%
v;+BV;4S;; Lag0 -79.618 93.9% 0.0% -35.032  85.4% 0.0% -23.226  92.8% 0.0%
o1, -10397 0 34.7%  20.4% -2.641  29.2%  10.4% -1.571  20.6% 2.1%
doop 17428  T7.6% 2.0% -42.287  83.3% 6.2% -25.294  91.8% 0.0%
vt AV By Lag 0 -77.249  98.0% 0.0% -35.970  91.7% 0.0% -21.503  92.8% 0.0%
o1 13508 34.7%  18.4% -7.367  39.6%  16.7% -2.007  22.7% 3.1%
>0, 80332 81.6% 2.0% -47.534  89.6% 6.2% -25.972  87.6% 0.0%
v, AV; 1 S;iy  Lag0  30.841  41%  63.3% 4478  83%  41.7% 1.299 10.3%  40.2%
D1, 8706 22.4% 0.0% -2.598  22.9% 2.1% -1.830  12.4% 1.0%
dop 31542 102%  46.9% 0.498 18.8%  31.2% 0.830 15.5%  22.7%
Spread; Lag 0 -3.653 55.1% 34.7% 2411 37.5%  52.1% -1.181  45.4%  34.0%
Do, 14497 82%  63.3% 2927 16.7%  37.5% 5.575 14.4%  53.6%
0p 15268 0.0%  71.4% 7144 0.0% 64.6% 4422 21%  66.0%
BV; B, Lag 0 52212 184% 71.4% 17.953 31.2%  54.2% 20.088 13.4%  55.7%
D1, 33574 T14%  14.3% -16.805 54.2%  33.3% -20.849  55.7% 8.2%
dop 2895 16.3%  14.3% -0.780  0.0%  12.5% -0.006 11.3%  12.4%
BYV; +Si+ Lag 0 43.679 184%  71.4% 10.437  35.4%  50.0% 13.238  15.5%  51.5%
D1, 44858  61.2% 41% -21.941  47.9%  18.8% -23.380  60.8% 5.2%
oo -18.327  44.9% 8.2% -10.195  45.8% 4.2% -8.925  62.9% 0.0%
AV 1B+ Lag 0 50413 14.3% 77.6% 12.364  29.2%  52.1% 19.656 10.3%  62.9%
do1., -H2.767  79.6% 0.0% -22.814  50.0% 0.0% -26.060  66.0% 3.1%
dop -22.111 53.1% 6.1% -12.336  52.1% 6.2% -8.525  59.8% 0.0%
AV, 4Si ¢+ Lag 0 62248 14.3%  77.6% 19.345 27.1%  58.3% 20.633  82%  62.9%
D1 97520 79.6% 8.2% -20.757  58.3%  18.8% -23.948  66.0% 8.2%
doop 0912 20.4% 2.0% -1.112 14.6%  12.5% -0.766  12.4% 8.2%
adj. R? 0.210 - - 0.236 - - 0.234 - -
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Table 5 — continued from previous page

This table reports summary estimation results for all stocks in the S&P/ASX200 index over Jul-Dec 2014. The estimated

model in Panels A to C is
12 p

p
it = ao + p1 Monday; ¢ + p2hourl; + + Z oo t—j + Z[ﬁo,k + 0 i t— k) Vit—k + Z VeTit—k + T Yit + Nit,
j=1 k=0 k=0
where o;; is a proxy for return volatility per unit of time of the ¢-th transaction in stock 4, which is estimated as the
absolute value of the residual [€; | of the following autoregressive model of returns r;; divided by the duration T;: of the
trade (i.e. o+ = [€¢]/Ti,e):
5 5 12
rig =Y bikDaykic+ > bikhoursie+ Y pikriek + 0 i+ Nyig + €

k=1 k=1 k=1
zit = (Spread; +, BV; +Bit, BV; +Si+, AV; +Bi ¢, AVi,tSZ',t)’ is a vector of potential predictors of the volume-volatility relation.
Yit = (In(Tie), Nije, AT Sit, OIB; ¢, QTTM)’ is a vector of control variables that allow for the effects of the order flow prior
to a trade. See Table A.1 and the notes of Table 2 for the definitions of the variables and other notation. The restriction
do = 0 is imposed in Panel A, and the coefficient lag length p is set to p = 0 in Panels A and B, while p is set to p = 5
in Panel C. This table reports the coefficient estimates for v; ; and x;+ from the volatility equation only, but a complete
version of this table is available upon request.
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Table 6: Spread, depth, slope and the volume-volatility relation: Combined limit order book

Large cap (49 stocks) Mid cap (48 stocks) Small cap (97 stocks)
Med %—5% %+5% Med %—5% %+5% Med %—5% %+5%
Panel A: Constant contemporaneous volume-volatility relation
Vst 0970 0.0% 98.0% 0.897  0.0% 100.0% 1.047  0.0% 100.0%
Spread; ; -6.335 65.3% 28.6% -6.745  72.9%  10.4% -4.682  60.8% 5.2%
Depth,; ¢ 5.203 20.4% 67.3% 5.320 14.6%  77.1% 2.025 22.7%  55.7%
Slope; + -0.096  71.4% 26.5% -0.572  89.6% 8.3% -0.582 81.4% 6.2%
adj. R? 0.159 - - 0.176 - - 0.181 - -
Panel B: Endogenous contemporaneous volume-volatility relation
Vst 10.725 10.2%  79.6% 22.215  6.2% 85.4% 10.652  0.0%  79.4%
v; 1Spread; ; -32.536  61.2% 14.3% -24.684  68.8% 6.2% -7.339  59.8% 3.1%
v; 1 Depth; 4 7.154  30.6% 40.8% 2,772 18.8%  35.4% -0.682  35.1%  23.7%
v; tSlope; + -0.342  75.5% 16.3% -1.564  91.7% 6.2% -1.088 73.2% 5.2%
Spread; ; -6.010 63.3% 28.6% -5.722  68.8%  10.4% -3.994  61.9% 7.2%
Depth; 5.459 10.2% 71.4% 5.466 10.4%  79.2% 2702 13.4%  58.8%
Slope; -0.077  71.4%  26.5% -0.496  85.4% 8.3% -0.489  80.4% 6.2%
adj. R? 0.174 - - 0.187 - - 0.191 - -
Panel C: Endogenous dynamic volume-volatility relation
Vst Lag 0 10.027 102% 77.6% 21.664 6.2%  85.4% 10.627  0.0%  80.4%
21;1) 0.256 28.6% 22.4% 3.037 14.6%  22.9% 177 31%  17.5%
0p 12213 18.4% 67.3% 23.348  6.2%  79.2% 12.633  0.0% 76.3%
v;¢Spread;; Lag0 -28.056 61.2% 14.3% -23.886  64.6% 6.2% -7.576  59.8% 3.1%
1p 6.042 18.4% 38.8% -1.762 22.9%  16.7% -1.310  9.3% 4.1%
0p 21467 49.0% 26.5% -28.891  54.2% 8.3% -9.907  48.5% 1.0%
v; tDepth; ;  Lag 0 4.235 30.6% 40.8% 2376 20.8%  35.4% -0.892  34.0% 22.7%
1 8079 28.6% 4.1% -1.914 16.7% 6.2% -0.615  14.4% 1.0%
op  —3:300 36.7% 28.6% -0.689 18.8%  22.9% -1.016  32.0%  14.4%
v; tSlope; ¢+ Lag0 -0.327 73.5% 18.4% -1.476  91.7% 6.2% -1.078  73.2% 5.2%
Zl:p 0.001 26.5% 28.6% -0.088 25.0%  14.6% -0.164  19.6% 1.0%
0p  ~0.302 65.3% 22.4% -1.740 81.2% 8.3% -1.207  73.2% 2.1%
Spread; Lag0 -5.538 59.2% 10.2% -2.911  47.9%  12.5% -0.755  38.1%  19.6%
Zl:p 5.984 22.4% 40.8% -9.140 35.4%  16.7% -7.347  35.1% 8.2%
0:p 3.380 26.5% 36.7% -13.550  43.8%  12.5% -6.910 47.4% 6.2%
Depth,; ¢ Lag 0 53.795 12.2% 83.7% 24.443 16.7%  60.4% 21.384  41%  67.0%
1p —61.702 77.6% 10.2% -23.948 52.1%  16.7% -22.482  66.0% 4.1%
0p D272 30.6% 12.2% -0.063  10.4%  22.9% 0.209 18.6%  11.3%
Slope; + Lag 0 0.011 34.7% 51.0% 0.011 354%  41.7% 0.308 15.5%  53.6%
lep -0.073  44.9% 18.4% -0.372  58.3% 2.1% -0.968  75.3% 2.1%
op  ~0.066 42.9% 24.5% -0.636  62.5%  10.4% -0.916  73.2% 0.0%
adj. R? 0.185 - - 0.203 - - 0.204 - -

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 2014. The estimated

model in Panels A to C is
12 P

p
i = ao + pn Monday i + pohourlse + Y i+ Y [Bok + kit klVii—k + Y VeTii—k + T Yirt + it
j=1 k=0 k=0
where o0, + is a proxy for return volatility per unit of time of the ¢-th transaction in stock ¢, which is estimated as the
absolute value of the residual [€;,.| of the following autoregressive model of returns r; ; divided by the duration T of the
trade (i.e. o3¢ = [€i¢]/Tit):

5 5 12
Tit = Z Vi Dayr,i,e + Z @i xhoury i, + Z PikTit—k + @' Tie + Nyie + €t
k=1 k=1 k=1
zix = (Spread; ., Depth; ., Slopei,t)’ is a vector of potential predictors of the volume-volatility relation. y;: =

(In(T5.¢), Nit, AT Si 1, OIB; +,QTT; )" is a vector of control variables that allow for the effects of the order flow prior
to a trade. See Table A.1 and the notes of Table 2 for the definitions of the variables and other notation. The restriction
0o = 0 is imposed in Panel A, and the coefficient lag length p is set to p = 0 in Panels A and B, while p is set to p =5
in Panel C. This table reports the coefficient estimates for v;; and x;+ from the volatility equation only, but a complete
version of this table is available upon request.
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Table 7: Spread, depth, slope and the volume-volatility relation: Bid vs. Ask sides

Large cap (49 stocks)

Mid cap (48 stocks)

Small cap (97 stocks)

Med %—sy %+s59 Med %—s54 Y%+s5% Med %—s594 Y%+s5%
Panel A: Constant contemporaneous volume-volatility relation
Vg 1.381  0.0% 100.0% 1.296  0.0% 100.0% 1.465 0.0% 100.0%
Spread, -1.790 49.0%  30.6% -3.015 52.1% 18.8% -2.188 44.3% 11.3%
BV, +Si 9.272 16.3%  69.4% 5.580 10.4%  72.9% 0.970 20.6% 36.1%
Vit Bit 8.400 18.4% 71.4% 6.384 8.3% 66.7% 1.531 14.4% 36.1%
BidSlope; +S; + -0.065 83.7% 14.3% -0.383 83.3% 4.2% -0.433 83.5% 5.2%
AskSlope; + B -0.065 81.6% 14.3% -0.271  85.4% 8.3% -0.366 76.3% 1.0%
adj. R? 0.236 - - 0.252 - - 0.246 - -
Panel B: Endogenous contemporaneous volume-volatility relation
Vg 20.845 8.2% 87.8% 36.983 6.2% 91.7% 16.660 0.0% 87.6%
v; tSpread; ; -100.431 83.7% 8.2% -52.209 83.3% 6.2%  -17.117 73.2% 5.2%
v; 1 BV; 1S+ 65.062 16.3% 61.2% 36.890 10.4%  64.6% 4138 13.4%  41.2%
v; tAV; 1By 80.364 20.4% 63.3% 34.515 83% 60.4% 5152 134% 35.1%
v; 1 BidSlope; +S; + -0.820 85.7% 6.1% -3.160 93.8% 6.2% -2.671 91.8% 1.0%
v; 1 AskSlope; ¢ B; + -0.909 87.8% 4.1% -2.933 91.7% 6.2% -2.575  92.8% 0.0%
Spread; ; -1.719 51.0% 32.7% -4.408 60.4% 18.8% -1.985 50.5% 11.3%
BV, +Si+ 11.473 10.2% 83.7% 6.105 8.3% 79.2% 2166  9.3%  48.5%
itDit 11.553 12.2%  79.6% 8.011 4.2% 81.2% 3.102  9.3%  55.7%
BidSlope; +S; + -0.045 83.7% 8.2% -0.274  85.4% 2.1% -0.266 78.4% 4.1%
AskSlope; + B 1 -0.049 81.6% 14.3% -0.197 83.3% 4.2% -0.227 70.1% 3.1%
adj. R? 0.278 - - 0.297 - - 0.279 - -
Panel C: Endogenous dynamic volume-volatility relation
Vit Lag0 30.218 8.2% 87.8% 36.503  6.2%  91.7% 16.639  0.0% 88.7%
Zl:p 1.260 28.6% 26.5% 1.103 14.6% 25.0% 0796 4.1% 10.3%
Eo:p 20.435 12.2% 81.6% 35.541  6.2% 89.6% 17936 0.0% 86.6%
v; Spread; Lag 0 -98.626 83.7% 8.2% -52.148 85.4% 6.2%  -17.010 76.3% 4.1%
Zl:p 4377 18.4%  30.6% 0.676 16.7% 16.7% 0.338 7.2% 7.2%
Zo:p -96.019 75.5% 16.3% -49.564 75.0% 6.2%  -16.107 64.9% 2.1%
V3 1 BV; 1S5 ¢ Lag 0  64.537 16.3% 61.2% 38.249 10.4% 64.6% 4512 13.4% 42.3%
Zl:p -17.418  30.6% 2.0% -9.876 18.8% 4.2% -4.051  29.9% 0.0%
ZO:p 56.117 18.4% 51.0% 26.766 10.4%  50.0% 1.275 16.5% 23.7%
v; +AV; B 4 Lag 0 78.634 204% 63.3% 32.267 83% 62.5% 4986 13.4% 35.1%
o1 -14.717  20.4% 0.0% -6.871  20.8% 6.2% -2.972 14.4% 0.0%
ZO:p 52.137 20.4%  46.9% 21.558  2.1%  45.8% 1.849 155% 22.7%
v; 1 BidSlope; +S; ¢+ Lag 0 -0.811 85.7% 6.1% -3.186  93.8% 6.2% -2.669 91.8% 1.0%
El:p 0.033  82% 42.9% 0.140 42% 22.9% 0.180 1.0% 22.7%
0:p -0.800 81.6% 16.3% -2.985 87.5% 6.2% -2.149 81.4% 1.0%
v; +AskSlope; +B;+ Lag 0 -0.909 87.8% 4.1% -2.961 91.7% 6.2% -2.586  92.8% 0.0%
Zl:p 0.016 82% 36.7% 0.056 2.1% 29.2% 0.128 1.0% 15.5%
0:p -0.839 81.6% 12.2% -2.652  89.6% 6.2% -2.273  85.6% 1.0%
Spread, Lag 0 -6.091 69.4% 6.1% -6.988 60.4% 12.5% -4.086 47.4% 13.4%
> 3.844 14.3%  36.7% 0.914 22.9% 18.8% 0.166 12.4% 14.4%
Zo;p -3.644 24.5%  32.7% -10.663 41.7% 14.6% -4.809 33.0% 10.3%
BV, +Si + Lag0  57.390 10.2% 79.6% 15.468 25.0% 56.2% 14.929  52% 54.6%
Zl:p -62.621 61.2% 4.1% -23.179  39.6% 6.2%  -15.343 47.4% 4.1%
ZO:p -11.812 24.5% 0.0% -1.200 104% 14.6% -0.047 15.5% 9.3%
AV 1B+ Lag0  59.366 6.1% 83.7% 24.653 8.3% 60.4% 20.213  4.1% 60.8%
th -53.029 63.3% 0.0% -17.516  47.9% 6.2%  -14.848 52.6% 2.1%
> o -4.502  24.5% 4.1% 1.018  4.2% 10.4% 0.258 12.4% 14.4%
BidSlope; +S; + Lag 0 -0.022 55.1%  26.5% -0.119 52.1%  25.0% -0.043 33.0% 24.7%
o1 0.021 10.2% 38.8% -0.008 12.5% 10.4% -0.126 22.7% 4.1%
> o -0.008 20.4%  30.6% -0.203  20.8% 6.2% -0.189  27.8% 0.0%
AskSlope; + B Lag 0 -0.026 55.1% 34.7% -0.063 52.1% 27.1% 0.014 26.8% 25.8%
le -0.003 16.3%  26.5% -0.042 18.8% 12.5% -0.162  30.9% 1.0%
ZO:p -0.032 32.7% 22.4% -0.223  31.2% 8.3% -0.238 35.1% 3.1%
adj. R? 0.288 - - 0.314 - - 0.291 - -
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Table 7 — continued from previous page

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 2014. The estimated

model in Panels A to C is
12 p

p
it = ao + p1 Monday; ¢ + p2hourl; + + Z oot + Z[ﬁo,k + 0 i t— k) Vi t—k + Z VeTit—k + T Yit + Nit,
j=1 k=0 k=0
where o;; is a proxy for return volatility per unit of time of the t-th transaction in stock ¢, which is estimated as the
absolute value of the residual |€;,¢| of the following autoregressive model of returns r; ¢ divided by the duration T;; of the
trade (i.e. 0st = [€,¢]/T3,t):
5 5 12
rig =Y biDaykic+ > bikhoursie+ Y pikriek + 0 i+ Nig + €
k=1 k=1 k=1
x;+ = (Spread;t, BV; 1 Bit, BV;,tSit, AVi 1 Bit, AV; +Si+, BidSlope; + B; ¢, BidSlope; +Si,t, AskSlope; + B; .+, AskSlope; +S;.+)’
is a vector of potential predictors of the volume-volatility relation. y; = (In(T3,¢), Ni ¢, ATS; ¢, OIB; ¢, QTTi,t)' is a vector
of control variables that allow for the effects of the order flow prior to a trade. See Table A.1 and the notes of Table 2 for
the definitions of the variables and other notation. The restriction dop = 0 is imposed in Panel A, and the coefficient lag
length p is set to p = 0 in Panels A and B, while p is set to p = 5 in Panel C. This table reports the coefficient estimates
for v;+ and x;,; of the order book that are of the opposite side to the direction of a trade (e.g. AskSlope;+B;+) from the
volatility equation only, but a complete version of this table is available upon request.
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Figure 1: Order book slope and the volume-volatility relation
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Note: This figure depicts how the order book slope affects the volume-volatility relation, using the ask side of the order book as an illustration.



Appendix

Table A.1: Definitions of variables

Notation

Description

Tit

Tit
Oit

)

T4t
Yit

Spread; ;
BV,

AViy
Depth; ¢
BidSlope; ¢
AskSlope; ¢
Slope; 4
Bt

Sit

Ni

AT S; 4
OIB;;
QTT;
Dayk,i,t
Monday; ¢

houry; ¢

hourl;

Return of the t-th trade in stock i: r;; = 100(In(g; ¢+1) —In(gs+)), where g;; is the midpoint
of the bid and ask quotes right before the trade

Time duration (in seconds) between the (¢t — 1)-th and ¢-th trades

Volatility per unit of time of the t-th trade: o;+ = [€+|/Ti+, where €+ is the residual from
the model of returns specified in Equation (2)

Volume per unit of time of the t-th trade: v;y = Vj/T;+, where V;; is the number of shares
traded (times 1000) divided by the total number of shares outstanding right before the trade,
and T;; is defined above

A vector of potential predictors of the volume-volatility relation of the t-th trade

A vector of control variables that allows for the effects of the order flow prior to the t-th
trade

Relative spread, defined as quoted spread as a % of the mid-quote right before the ¢-th trade
Total number of shares available at the best bid price (times 1000) divided by the total
number of shares outstanding right before the ¢-th trade

Total number of shares available at the best ask price (times 1000) divided by the total
number of shares outstanding right before the ¢-th trade

Total number of shares available at the best bid and ask prices (times 1000) divided by total
number of shares outstanding right before the t-th trade: Depth;; = BV;; + AV;;

Slope of the bid order book right before the ¢-th trade, defined in Equation (4) and calculated
using the 10 best bid/ask price levels right before the trade

Slope of the ask order book right before the ¢-th trade, defined in Equation (5) and calculated
using the 10 best bid/ask price levels right before the trade
Slope of the limit order book right before the t-th trade:
AskSlope;)/2

Buy indicator: equals 1 if the ¢-th trade is a purchase, 0 otherwise

Sell indicator: equals 1 if the ¢-th trade is a sale, 0 otherwise

Number of transactions during the 5-minute interval right before the t-th trade

Average trade size (times 10° and divided by the total number of shares outstanding) during
the 5-minute interval right before the ¢-th trade

Order imbalance (= number of buys - number of sells) during the 5-minute interval right
before the t-th trade

Quote to trade ratio (= total number of order submissions, revisions and cancellations divided
by number of trades) during the 5-minute interval right before the ¢-th trade

Day-of-week dummy variables, k = 1,--- ,5 for Monday till Friday

Dummy variable for Monday (same as Dayi ;)

Time-of-day dummy variables, k = 1,--- , 6 for six hourly intervals: 10:10-11:00, 11:00-12:00,
12:00-13:00, 13:00-14:00, 14:00-15:00 and 15:00-16:00

Dummy variable for the first trading hour (10:10-11:00) of a day (same as houry ;)

Slope;; = (BidSlope;; +

20



Table A.2: LOB and the endogenous dynamic volume-volatility relation: Combined LOB

Large cap (49 stocks)

Mid cap (48 stocks)

Small cap (97 stocks)

Med %—5% %+5% Med %—5% %+5% Med %—5% %+5%
Panel A: 5 best bid/ask price levels

Vit Lag 0 10.150 10.2% 77.6% 21.764  6.2% 87.5% 10.734  0.0% 80.4%
i 0.103 28.6% 22.4% 3.304 14.6% 22.9% 1.851  2.1% 19.6%
0p 12334 18.4% 67.3% 23.418  6.2% 79.2% 12.693  0.0% 76.3%
v;¢Spread;, Lag0 -28.723 61.2% 14.3% -24.056 66.7%  6.2% -8.093 61.9% 3.1%
i 6.057 18.4% 38.8% -2.102 20.8% 16.7% -1.323  11.3% 3.1%
0p -23.129 51.0% 24.5% -29.233  54.2%  8.3% -10.510 50.5% 1.0%
vi¢Depth;;  Lag0  4.584 30.6% 42.9% 2.522 20.8% 35.4% -0.617 32.0% 23.7%
1 8132 28.6%  4.1% -1.808 16.7%  8.3% -0.641 14.4% 1.0%
0p 2972 36.7% 28.6% -0.594 18.8% 27.1% -0.607 32.0% 15.5%
v;¢Slopeb;  Lag 0 -0.164 73.5% 18.4% -0.747 91.7%  6.2% -0.553 74.2%  5.2%
1p 0.000 26.5% 28.6% -0.057 27.1% 14.6% -0.102 21.6% 1.0%
0p 0155 65.3% 22.4% -0.877 81.2%  6.2% -0.598 73.2% 2.1%
Spread, Lag0 -5.503 59.2% 10.2% -2.795  47.9% 14.6% -0.791 39.2% 19.6%
D1 6.498 22.4% 40.8% -10.476  35.4% 16.7% -7.859 38.1% 8.2%
> 0p 3.371 26.5% 36.7% -15.003 43.8% 12.5% -7.260 51.5%  6.2%
Depth; ; Lag 0 53.812 12.2% 83.7% 24.370 16.7% 60.4% 21.503  4.1% 67.0%
1., -61.880 77.6% 10.2% -23.904 52.1% 16.7% -22.636 64.9% 4.1%
>0 5628 30.6% 12.2% 0.106 10.4% 22.9% 0.321 18.6% 15.5%
Slopeb; 4 Lag0 0.005 34.7% 49.0% 0.004 35.4% 41.7% 0.148 16.5% 51.5%
1p  -0.035 44.9% 20.4% -0.185 58.3% 2.1% -0.490 76.3% 2.1%
0p 0033 42.9% 24.5% -0.274  60.4% 10.4% -0477 75.3%  0.0%
adj. R? 0.185 - - 0.203 - - 0.204 - -

Panel B: 20 best bid/ask price levels
Vjt Lag0  9.454 10.2% 75.5% 8.260 8.3% 68.8% 5721  0.0% 67.0%
o1, 0816 30.6% 12.2% 0.534 14.6% 18.8% 0.634 82% 14.4%
> 0p 8.180 18.4% 65.3% 10.000  6.2% 58.3% 6.268  0.0% 55.7%
v ¢Spread;; Lag0 -11.023 51.0% 16.3% -2.512 31.2% 18.8% -1.513 30.9% 13.4%
o1, 10137 10.2%  42.9% 0.722 12.5% 16.7% 0.151  6.2%  9.3%
> o -4.340 32.7% 28.6% -2.591  16.7% 20.8% -1.027  21.6% 10.3%
v;¢Depth;;  Lag 0 -6.680 40.8% 30.6% -5.688 52.1% 12.5% -3.294 53.6% 4.1%
o1, -10.074 38.8%  4.1% -2.565 33.3%  4.2% -1.100 21.6%  2.1%
Do -L7.178  44.9%  18.4% -6.297 47.9%  8.3% -4.809 54.6% 2.1%
v;+Slope20,, Lag 0 -0.596 73.5% 18.4% -1.112 81.2%  6.2% -0.960 63.9% 4.1%
D1 0.028 14.3% 28.6% -0.064 14.6% 12.5% -0.075 16.5%  5.2%
D0 0527 65.3% 22.4% -1.157  60.4% 10.4% -1.081 55.7%  2.1%
Spread; Lag 0 -5.102 59.2% 8.2% -1.950 43.8% 16.7% 0.890 26.8% 25.8%
1p 13180 122%  44.9% 1.271 20.8% 20.8% -1.556  22.7% 15.5%
0: 7.863 14.3% 38.8% -1.634 27.1% 18.8% -0.389 29.9% 16.5%
Depth; Lag 0 53.733 12.2% 83.7% 25.332  20.8% 60.4% 22.235  4.1% 66.0%
o1, 62284 T7.6%  8.2% -29.216 56.2% 14.6% -27.466 69.1%  4.1%
Doop 8944 388%  4.1% -2.518 33.3% 12.5% -2.323 35.1%  3.1%
Slope20; 4 Lag 0  0.021 34.7% 51.0% 0.024 31.2% 43.8% 0.747  72% 60.8%
o1, 0087 32.7%  20.4% -0.344 50.0%  8.3% -1.294  66.0%  5.2%
doop -0.064 32.7%  24.5% -0.544 45.8% 10.4% -0.592  50.5% 1.0%
adj. R? 0.181 - - 0.199 - - 0.201 - -

o1
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Table A.2 — continued from previous page

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 2014. The

estimated model in Panels A and B is
12 5 5

oit = ao + pi Monday; . + pahourl;, + Z Qo+ Z[ﬂo,k + 0Ttk Vi1 + Z Velit—k + T Yi + Nit,
j=1 k=0 k=0
where o;; is a proxy for return volatility per unit of time of the t-th transaction in stock i, which is estimated as
the absolute value of the residual [€; | of the following autoregressive model of returns r;; divided by the duration
T;+ of the trade (i.e. oi¢ = [€:¢]/Ti¢):
12

5 5
Tit = Z VikDayr,it + Z i houry,; ¢ + Z PikTit—k + @ T+ Nyie + €t
k=1 k=1 k=1
x;,+ is a vector of potential predictors of the volume-volatility relation. y; + = (In(T5 +), Nit, AT'Si 1, OIB; .+, QTT; 1)
is a vector of control variables that allow for the effects of the order flow prior to a trade. Panel A re-
ports the results when z;; = (.S’preadi,t,Depthi,,g,Slope5i,,g)'7 and Panel B reports the results when z;: =
(Spread; i, Depthi ., Slope20; ), where Slope5;: (Slope20;.) is the slope of the LOB, calculated using 5 (20)
best bid and ask price levels, right before the ¢-th trade. See Table A.1 and the notes of Table 2 for the definitions
of other variables and notation. This table reports the coefficient estimates for v;+ and x;+ from the volatility

equation only, but a complete version of this table is available upon request.
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Table A.3: LOB and the endogenous dynamic volume-volatility relation: Bid vs. Ask sides

Large cap (49 stocks)

Mid cap (48 stocks)

Small cap (97 stocks)

Med %—5% %+5% Med %—5% %+5% Med %—5% %+5%
Panel A: 5 best bid/ask price levels

Vit Lag 0 30.468 8.2% 87.8% 36.589  6.2% 93.8% 17.338  0.0% 88.7%
lep 1.273 26.5% 26.5% 1.443 14.6% 25.0% 0.834 3.1% 11.3%
ZO:p 29.596 12.2% 81.6% 35.732  6.2% 93.8% 18.050 0.0% 87.6%
v; 1 Spread,; 4 Lag 0 -99.187 83.7% 8.2%  -52.642 854% 6.2%  -17.464 76.3% 4.1%
Zl:p 4.741 18.4% 30.6% -0.555 16.7% 16.7% -0.309  82%  6.2%
ZO:p -93.647 73.5% 16.3% -53.336  79.2%  6.2% -16.600 67.0% 2.1%
v; +BV; 1S5 ¢ Lag 0 65.116 16.3% 61.2% 44.539 8.3% 68.8% 5.124 13.4% 44.3%
lep -17.980 30.6% 0.0% -9.775 16.7%  4.2% -4.124 29.9%  0.0%
ZO:p 56.671 18.4% 51.0% 27.645 8.3% 58.3% 1.983 15.5% 27.8%
v; 1AV 1 B ¢ Lag 0 80.376 20.4% 63.3% 38.416  6.2% 62.5% 5.807 12.4% 39.2%
Zlm -14.712  20.4%  0.0% -7.363 20.8% 6.2% -2.851 14.4%  0.0%
ZO:p 52.582 20.4% 46.9% 26.468  0.0% 47.9% 2981 12.4% 26.8%
v; 1 BidSlopeb; +S;y  Lag 0 -0.407 85.7% 6.1% -1.737 93.8%  6.2% -1.392 91.8% 1.0%
lep 0.016 8.2% 42.9% 0.055 6.2% 20.8% 0.092 1.0% 21.6%
ZO:p -0.402 79.6% 16.3% -1.699 87.5%  6.2% -1.109 82.5% 1.0%
v; 1 AskSlopeb; . B;; Lag0 -0.456 87.8% 4.1% -1.532 93.8%  4.2% -1.306 92.8%  0.0%
th 0.009 8.2% 34.7% 0.034 2.1% 29.2% 0.052 2.1% 16.5%
ZO:p -0.424 81.6% 12.2% -1.375 91.7%  6.2% -1.147 85.6% 1.0%
Spread; Lag0 -6.064 69.4% 6.1% -7.006 58.3% 12.5% -4.241 48.5% 14.4%
1p 3.794 14.3% 36.7% -1.139 25.0% 18.8% -0.479 13.4% 14.4%
o: -3.643 24.5% 32.7% -12.190 41.7% 14.6% -5.701 36.1%  7.2%
BV, 1Si Lag 0 57.307 10.2% 79.6% 15.224 25.0% 56.2% 14.002  5.2% 54.6%
th -62.426 61.2% 4.1% -21.458 39.6% 6.2% -17.467 46.4%  4.1%
ZO:p -11.762  24.5%  0.0% -0.359  8.3% 14.6% -0.351 16.5% 10.3%
AV 1B+ Lag 0 59.425 6.1% 83.7% 24.629 10.4% 60.4% 20.368 4.1% 60.8%
ZLP -52.693 63.3%  0.0% -17.531 45.8%  6.2% -13.444 48.5%  2.1%
ZO:p -4.515 24.5% 4.1% 0.758  4.2% 12.5% 0.447 12.4% 14.4%
BidSlopeb; 1.5 + Lag 0 -0.011 55.1% 26.5% -0.060 52.1% 25.0% -0.023 35.1% 24.7%
lep 0.009 12.2% 38.8% -0.010 14.6% 10.4% -0.068 23.7% 3.1%
oo -0.004 20.4% 30.6% -0.120 22.9%  6.2% -0.098 28.9%  0.0%
AskSlopeb; +B; ¢ Lag 0 -0.013 55.1% 34.7% -0.032 50.0% 27.1% 0.007 26.8% 25.8%
th -0.002 16.3% 26.5% -0.015 20.8% 10.4% -0.087 29.9%  1.0%
ZO:p -0.017 32.7% 22.4% -0.114 31.2% 8.3% -0.116 35.1% 2.1%
adj. R? 0.288 - - 0.314 - - 0.294 - -

Panel B: 20 best bid/ask price levels
Vit Lag 0 25.639 8.2% 87.8% 14.567  8.3% 85.4% 10.238  0.0% 78.4%
1p -0.308 28.6% 16.3% 0.773 12.5% 16.7% 0.484 4.1% 11.3%
0p 20776 12.2% 75.5% 16.836  6.2% 81.2% 10.073  0.0% 75.3%
v eSpread; ¢ Lag 0 -70.844 77.6% 10.2% -11.350 54.2% 10.4% -6.832 49.5% 11.3%
> 6.504 10.2% 32.7% 1.790 12.5% 14.6% 0.409 7.2% 10.3%
ZO:p -54.066 69.4% 18.4% -10.366 43.8% 10.4% -4.508 39.2%  7.2%
v, BV; 1S5 ¢ Lag 0 39.038 22.4% 51.0% -1.402 35.4% 29.2% -7.100 52.6% 6.2%
th -18.042 32.7%  2.0% -6.790 20.8% 4.2% -3.085 21.6% 0.0%
ZO:p 12.826 24.5% 40.8% -5.186 35.4% 16.7% -12.292  49.5%  3.1%
v; tAV; 1B Lag 0 43.981 26.5% 53.1% 0.258 37.5% 29.2% -4.797 41.2% 10.3%
th -13.644 24.5% 2.0% -7.017 25.0%  6.2% -1.576  10.3%  2.1%
ZO:p 35.467 26.5% 34.7% 0.133 31.2% 22.9% -5.220 43.3%  7.2%
v;+BidSlope20;,S;; Lag0 -1.588 85.7% 6.1% -2.259 87.5%  6.2% -1.871 84.5% 1.0%
1p 0.066 8.2% 44.9% 0.123 4.2% 18.8% 0.158  3.1% 13.4%
op  -1.500 79.6% 16.3% -2.421 792%  6.2% -1.713 732%  1.0%
v; 1 AskSlope20,; ,B;; Lag0 -1.580 87.8% 4.1% -2.529 89.6% 6.2% -2.210 82.5% 2.1%
1p 0.044 8.2% 34.7% 0.083 6.2% 16.7% 0.015 4.1% 82%
0p ~1.459 81.6% 12.2% -2.457 83.3%  6.2% -2.041 732% 2.1%
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Table A.3 — continued from previous page
Large cap (49 stocks) Mid cap (48 stocks) Small cap (97 stocks)

Med %—5% %+5% Med %—5% %+5% Med %—5% %+5%

Spread; 4 Lag0 -5.730 65.3% 4.1%  -3.363 47.9% 125%  -1.834 40.2% 16.5%
S, 13154 82% 42.9% 2.147 16.7% 20.8% 1.308 10.3% 19.6%
2.361 20.4% 36.7% 0135 27.1% 16.7%  -0.556 19.6% 19.6%
BV;,S; Lag 0 57.306 8.2% 79.6%  12.443 27.1% 56.2% 13834 5.2% 53.6%
Y., 62679 633% 4.1% 24822 45.8% 104%  -18.149 53.6%  2.1%
13.791 26.5% 0.0%  -1.664 16.7% 8.3%  -2.397 20.6%  6.2%
AV, B;, Lag 0 59.429 4.1% 83.7%  23.756 10.4% 58.3%  19.773 3.1% 61.9%
>, -P3A466 69.4% 2.0% 16437 43.8% 2.1%  -18.226 53.6% 3.1%
-6.722 30.6% 6.1%  -0.679 10.4% 16.7% 1.156 13.4% 15.5%
BidSlope20; +5; ¢ Lag0 -0.039 53.1% 26.5%  -0.258 52.1% 22.9%  -0.098 32.0% 23.7%
S, 0044 102% 36.7% 0.010 14.6% 14.6%  -0.115 23.7%  9.3%
0.003 20.4% 30.6%  -0.380 31.2% 4.2%  -0.271 351% 0.0%
AskSlope20;;B;;  Lag0 -0.052 53.1% 36.7%  -0.127 521% 27.1% 0.011 22.7% 28.9%
>, 0030 122% 30.6%  -0.031 18.8% 4.2%  -0.462 443% 3.1%
0.023 28.6% 224%  -0.366 39.6% 4.2%  -0.505 51.5% 4.1%
adj. R? 0.280 - - 0.286 - - 0.276 - -

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 2014. The estimated

model in Panels A and B is
12 5 5

0i¢ = ag + p1Monday;,: + p2hourl; s + Z R E[ﬁo,k + 6llcxi,t7k]vi,t7k + Z 7/2%‘,#1@ + W/yi,t + Mit,
i=1 k=0 k=0
where o0;+ is a proxy for return volatility per unit of time of the t-th transaction in stock i, which is estimated as the
absolute value of the residual |€; | of the following autoregressive model of returns r; ¢ divided by the duration T;; of the
trade (1e Oit = |€i,t|/Ti,t):

5

5 5 12
Tig = Z i xDayr,it + Z bixhoury i + Z PikTit—k + @' Tie + Nyie + €t

k=1 k=1 k=1
x;¢ is a vector of potential predictors of the volume-volatility relation. y;+ = (In(T;,+), Nit, ATS; +, OIB; .+, QTT; ) is a
vector of control variables that allow for the effects of the order flow prior to a trade. Panel A reports the results when x;; =
(Spread; +, BV; +Bi+, BV; 1 Sit, AVi1Bi+, AV; +Si +, BidSlopeb; + B; ¢, BidSlopeb; + S; ¢, AskSlopeb; + B+, AskSlopeb; +Si+)';
Panel B reports the results when z; . = (Spread; +, BV; +Bit, BV; 1 Sit, AVi.tBi, AV; 1Si +, BidSlope20; ¢ B;.i, BidSlope20; +.S; ¢,
AskSlope20;,:Bi i, AskSlope20;,:S;,t)’, where BidSlope5;, (AskSlope5; ., BidSlope20; ., AskSlope20;,) is the slope of
the bid (ask, bid, ask) side of the LOB, calculated using 5 (5, 20, 20) best bid (ask, bid, ask) price levels, right before the
t-th trade. See Table A.1 and the notes of Table 2 for the definitions of other variables and notation. This table reports
the coefficient estimates for v;; and x;; of the order book that are of the opposite side to the direction of a trade (e.g.
vi,t AskSlope; + B; + and AskSlope; +B; ) from the volatility equation only, but a complete version of this table is available
upon request.
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Table A.4: LOB and the endogenous dynamic volume-volatility relation: 0.5** — 99.5%"
winsorization

Large cap (49 stocks)

Mid cap (50 stocks)

Small cap (98 stocks)

Med %—5% %+5% Med %—5% %+5% Med %—5% %+5%
Panel A: Combined limit order book
Vj ¢ Lag 0 6.712 10.2% 71.4% 11.514  8.0% 74.0% 7276  1.0% 72.4%
21;;) 0.700 26.5% 20.4% 2.838 12.0% 20.0% 1.863 4.1% 20.4%
ZO:p 7.360 16.3% 55.1% 15.619 8.0% 72.0% 8.760 0.0% 65.3%
v; 1Spread, Lag 0 -10.180 46.9% 14.3% -11.612 54.0%  8.0% -4.296 38.8%  6.1%
21;;) 5.977 14.3% 38.8% -1.483 18.0% 12.0% -1.167 122%  5.1%
ZO:p -0.829 34.7% 22.4% -11.986 42.0% 10.0% -4.825 36.7% 2.0%
v; 1 Depth; Lag 0 -2.638 34.7% 28.6% 0.023 24.0% 26.0% -1.518 36.7% 15.3%
th -5.677 30.6%  4.1% -0.903 16.0% 8.0% -0.462 15.3%  0.0%
ZO:p -4.775  36.7% 10.2% -2.678 20.0% 18.0% -1.592 35.7%  8.2%
v pSlope; 4 Lag 0 -0.245 67.3% 18.4% -0.948 84.0% 6.0% -0.715 694% 4.1%
lep -0.005 24.5% 28.6% -0.159 24.0%  8.0% -0.169 194% 1.0%
ZO:p -0.267 59.2% 18.4% -1.185 78.0%  8.0% -0.883 62.2%  2.0%
Spread; ; Lag0 -6.439 63.3% 8.2% -2.256  42.0% 16.0% -0.362  32.7% 19.4%
lep 8.843 24.5% 38.8% -9.753 32.0% 16.0% -6.381 37.8%  9.2%
ZO:p 5.251 30.6% 36.7% -13.720 46.0% 14.0% -7.332 49.0%  9.2%
Depth; Lag 0 57.991 14.3% 83.7% 22.060 20.0% 58.0% 19.503 4.1% 63.3%
lep -60.984 81.6% 12.2% -16.504 54.0% 18.0% -21.894 65.3% 6.1%
ZO:p -5.381 30.6% 10.2% 0.027  8.0% 24.0% 0.079 194% 10.2%
Slope; + Lag 0 0.011 34.7% 53.1% -0.027 34.0% 42.0% 0.397 15.3% 56.1%
lep -0.089 49.0% 4.1% -0.469 60.0% 2.0% -1.143 78.6%  3.1%
ZO:[) -0.062 40.8% 24.5% -0.733 72.0% 6.0% -0.938 79.6%  0.0%
adj. R? 0.183 - - 0.204 - - 0.201 - -
Panel B: Bid vs. Ask sides
Vit Lag 0 24.370 82% &5.7% 26.887  6.0% 86.0% 14.009  0.0% 87.8%
th 0.160 22.4% 20.4% 0.963 10.0% 26.0% 0.797 41% 82%
ZO:p 23.726 12.2% 79.6% 29.477  6.0% 86.0% 15.649 0.0% 85.7%
v pSpread; 4 Lag 0 -68.566 81.6%  8.2% -38.571 82.0%  6.0% -13.449 704% 4.1%
lep 5.175 10.2% 30.6% 0.936 18.0% 12.0% 0.129 6.1% 5.1%
ZO:p -70.439 63.3% 16.3% -40.211  76.0%  6.0% -12.769  60.2%  1.0%
V3, BV; 1S5 ¢ Lag 0 49.395 18.4% 57.1% 26.027 12.0% 62.0% 1.476 19.4% 29.6%
lep -14.230 28.6% 0.0% -4.620 16.0% 4.0% -3.272 25.5%  0.0%
ZO:p 33.308 16.3% 40.8% 16.441 12.0% 46.0% -0.570 20.4% 22.4%
v 1t AV; 1By Lag 0 53.901 18.4% 63.3% 19.920 10.0% 58.0% 3.758 14.3% 30.6%
lep -9.068 20.4%  2.0% -2.448 20.0%  6.0% -2.613 15.3% 1.0%
ZO:p 44.352 22.4% 44.9% 11.282  8.0% 44.0% 0.642 194% 17.3%
v;+BidSlope; 1S;+ Lag0 -0.680 85.7%  6.1% -2.173  90.0%  8.0% -1.967 83.7%  1.0%
lep 0.027 6.1% 40.8% 0.042 6.0% 24.0% 0.163 0.0% 22.4%
ZO:[) -0.639 81.6% 14.3% -1.976 82.0% 6.0% -1.624 724%  1.0%
v; 1 AskSlope; 1 B;; Lag 0 -0.840 87.8% 4.1% -2.460 90.0%  4.0% -1.768 85.7%  0.0%
lep 0.018 10.2% 28.6% 0.025 2.0% 22.0% 0.155 1.0% 14.3%
ZO:p -0.771  81.6% 12.2% -2.120 86.0%  6.0% -1.561  75.5%  2.0%
Spread; ; Lag0 -6.476 67.3% 2.0% -9.595 66.0% 8.0% -5.380 52.0% 10.2%
lep 1.888  8.2% 40.8% 2.691 14.0% 28.0% 1.769 13.3% 19.4%
Zo:p -3.832  26.5% 36.7% -11.362  42.0% 14.0% -5.559 38.8% 12.2%
BV;+Si+ Lag0 56.916 12.2% 79.6% 11.378 24.0% 52.0% 13.560 7.1% 53.1%
lep -63.428 65.3% 6.1% -15.658 42.0% 12.0% -14.754  46.9%  5.1%
Zo:p -11.321  24.5%  4.1% 3.366 12.0% 14.0% 0.029 15.3% 6.1%
AV;1B;+ Lag0 59.774 6.1% 83.7% 22.384 12.0% 60.0% 19.624 4.1% 61.2%
lep -50.959 73.5%  0.0% -13.017 44.0%  8.0% -17.898 57.1% 3.1%
Zo:p -4.421 204%  6.1% 4.850 8.0% 12.0% 0.243 14.3% 15.3%
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Table A.4 — continued from previous page
BidSlope; +S; ¢ Lag 0 -0.016 49.0% 32.7% -0.056  42.0% 30.0% 0.028 25.5% 36.7%
lep 0.009 82% 32.7% -0.081 20.0% 6.0% -0.257 24.5%  2.0%
ZO'p -0.015 24.5% 30.6% -0.292 30.0%  6.0% -0.264 31.6%  0.0%

AskSlope; + B + Lag.O -0.018 51.0% 36.7% -0.057 44.0% 24.0% 0.055 16.3% 37.8%
> -0.019 18.4% 18.4% -0.072 34.0% 4.0% -0.288 35.7%  2.0%
-0.032  36.7% 22.4% -0.250 36.0% 8.0% -0.288 31.6% 3.1%

adj. R? 0.280 - - 0.308 - - 0.283 - -

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 201. The estimated
model in Panels A and B is

12 5 5
git = ao + p1 Monday; . + pzhourl;, + Z Qo+ Z[ﬂo,k + 0 i t— k) Vi t—k + Z VeTit—k + T Yit + Nit,
j=1 k=0 k=0
where ;¢ is a proxy for return volatility per unit of time of the t-th transaction in stock ¢, which is estimated as the
absolute value of the residual |€; | of the following autoregressive model of returns r; ; divided by the duration T;; of the

trade (i.e. oi¢ = [€,¢]/Tin):

5 5 12
Tig = Z ik Dayr,ie + Z Giphoury,ie + Z PikTit—k 4+ @' it + Nyir + €ie.

k=1 k=1 k=1
Z;¢ is a vector of potential predictors of the volume-volatility relation. y;x = (In(Ti¢), Nit, ATSi ¢, OIB;y4,
QTTM)' is a vector of control variables that allow for the effects of the order flow prior to a trade. Panel
A reports the results when z;: = (Spreadi,hDepthi,t,Slopeiyt)’, and Panel B reports the results when z;: =
(Spread; i, BV; 1 Bi i, BV; 1Si.t, AV; 1 Bit, AV; +Si+, BidSlope; + B; .+, BidSlope; 1 S; ¢, AskSlope; B+, AskSlope; +S;.+)'.
See Table A.1 and the notes of Table 2 for the definitions of the variables and other notation. Panel B of this table
reports the coefficient estimates for v; ; and x;; of the order book that are of the opposite side to the direction of a trade
(e.g. vs,tAskSlope; +B;+ and AskSlope;+B; ) from the volatility equation only, but a complete version of this table is

available upon request.
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Table A.5: LOB and the endogenous dynamic volume-volatility relation: 2" — 98" winsorization

Large cap (48 stocks) Mid cap (46 stocks) Small cap (93 stocks)
Med %—5% %+5% Med %—5% %+5% Med %—5% %+5%

Panel A: Combined limit order book

Vit Lag 0 23.064 12.5% 81.2% 29.335  6.5% 93.5% 16.189  0.0% 90.3%
lep -2.133  45.8% 25.0% 1.034 17.4% 21.7% 1.220 54% 15.1%

20.215 20.8% 66.7% 32.854  6.5% 89.1% 17.868  0.0% 80.6%

v; 1Spread, Lag 0 -44.176 68.8% 16.7% -35.335 87.0% 8.7% -14.876  71.0% 2.2%
lep 18.447 10.4% 50.0% 0.696 13.0% 17.4% -0.230 7.5%  7.5%

-37.933 52.1% 25.0% -33.733 67.4%  8.7% -14.541 57.0% 1.1%

v; 1 Depth; Lag 0 6.591 29.2% 50.0% 6.578 23.9% 45.7% -0.006 33.3% 25.8%
lep -12.804 47.9%  0.0% -3.194 28.3% 10.9% -0.854 11.8% 1.1%

0:p -2.281 39.6% 29.2% 1.570 23.9% 26.1% -0.854 31.2% 18.3%

v; tSlope; + Lag 0 -0.625 79.2% 12.5% -2.223  93.5%  6.5% -1.402 86.0% 2.2%

lep 0.022 25.0% 47.9% -0.035 17.4% 17.4% -0.076 15.1%  6.5%
-0.441 68.8% 20.8% -2.492 87.0% 6.5% -1.825 79.6% 1.1%

Spread, Lag 0 -5.461 66.7%  4.2% -4.639 52.2%  8.7% -1.428 41.9% 20.4%
Zl,p 20.453 16.7% 50.0% -7.943 34.8% 17.4% -6.250 35.5%  8.6%
14.913 25.0% 41.7% 12.604 43.5% 17.4% -6.849 41.9%  5.4%

Depth; ¢ Lag 0  53.248 10.4% 83.3% 25476 21.7% 63.0% 22611 32% 73.1%
an -68.405 79.2% 12.5% 27.482 58.7% 13.0% 24.085 68.8%  3.2%

> o -12.011 45.8%  6.2% -1.425 10.9% 21.7% -0.061 16.1% 10.8%

Slope; 4 Lag% 0.008 35.4% 50.0% -0.021 34.8% 41.3% 0.235 15.1% 53.8%
th 0.009 29.2% 33.3% -0.251 41.3% 6.5% -0.886 67.7% 3.2%

0.013 37.5% 37.5% -0.523 52.2% 15.2% -0.726  66.7% 1.1%

O:p
adj. R? 0.191 - - 0.206 - - 0.210 - -
Panel B: Bid vs. Ask sides
Vit Lag 0 44.845 8.3% 85.4% 47.101  6.5% 93.5% 22.920 0.0% 93.5%

lep 1.012 31.2% 16.7% 1.135 17.4% 17.4% 0.446 6.5% 9.7%
ZO:p 46.745 16.7% 81.2% 44.248  6.5% 93.5% 21.951  0.0% 91.4%

v; 1 Spread; 4 Lag 0 -107.285 83.3% 12.5%  -64.169 91.3% 6.5%  -23.020 81.7%  2.2%
Do 5.688 12.5% 33.3% -0.116  15.2% 17.4% 0262 6.5% 7.5%
0p -106.186 81.2% 16.7%  -58.882 84.8%  6.5%  -21.771 TL.0% 1.1%
;1 BV; 1Si 4 Lag 0  88.714 18.8% 66.7%  70.362 10.9% 76.1%  12.739 9.7% 49.5%

lep -25.104 37.5%  0.0% 17.585 30.4% 2.2% -6.438 29.0% 0.0%
64.403 16.7% 56.2% 50.435 10.9% 60.9% 6.339 14.0% 30.1%
v; t AV + B ¢ Lag 0 113.426 20.8% 72.9% 63.300 6.5% 78.3% 14.764  9.7% 47.3%

th -16.346  29.2%  0.0% -10.552  26.1%  6.5% -5.335 194%  0.0%
88.396 22.9% 62.5% 48.395  2.2% 63.0% 8.092 8.6% 24.7%

v; 1 BidSlope; +S;; Lag 0 -1.324 854% 8.3% -4.290 93.5% 6.5% -3.227 935%  1.1%
Zl.p 0.075  4.2% 45.8% 0.292  2.2% 34.8% 0.273  0.0% 26.9%

-1.175 79.2%  14.6% -3.899 89.1% 6.5% -2.806 87.1% 1.1%

v; 1 AskSlope; +B; ¢ Lag 0 -1.397 87.5% 6.2% -4.014 93.5%  6.5% -3.435 96.8%  0.0%
0.037  6.2% 43.8% 0.141  0.0% 37.0% 0.196 1.1% 21.5%

-1.396 83.3% 14.6% -3.7124  93.5%  6.5% -3.040 90.3% 1.1%

Spread; ; Lag 0 -3.899 521% 16.7% -5.595 47.8% 13.0% -2.237 44.1% 12.9%
thp 5.643 18.8% 39.6% -0.145 17.4% 21.7% -1.663 18.3% 17.2%

-0.891 20.8% 35.4% 10.563 28.3% 17.4% -3.724  29.0%  6.5%

BV; 1S; + Lag 0  59.239 12.5% 77.1% 18.286 21.7% 60.9% 15.339  6.5% 55.9%
lep -68.301 62.5% 2.1% 28.137 43.5%  4.3% 18.968 51.6% 3.2%
-19.035 33.3% 0.0% -6.996 8.7% 6.5% -1.476 15.1%  8.6%
AV 1B+ Lag 0  60.950 2.1% 89.6% 23.818 8.7% 65.2% 21.373  3.2% 65.6%
lep -46.679 54.2%  0.0%  -21.144 47.8% 22%  -19.823 59.1% 2.2%
-7.451 20.8% 4.2% -0.043  6.5% 6.5% -0.289 10.8%  6.5%

Continued on next page
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Table A.5 — continued from previous page
BidSlope; +S; + Lag 0 -0.043 72.9% 12.5% -0.150 69.6% 17.4% -0.157 49.5% 7.5%
Zl,p 0.066 6.2% 45.8% 0.165 4.3% 13.0% 0.000 8.6% 5.4%
0.022 14.6% 35.4% -0.025 13.0% 8.7% -0.159 22.6% 0.0%
AskSlope; + B + Lag 0 -0.039 60.4% 27.1% -0.208 69.6% 15.2% -0.077 44.1% 14.0%
> » 0.026 10.4% 37.5% 0.036 4.3% 28.3% -0.057 16.1% 7.5%
-0.019 20.8% 31.2% -0.047 23.9% 13.0% -0.239 29.0% 2.2%
adj. R? 0.296 - - 0.324 - - 0.309 - -

This table reports summary estimation results for all stocks of the S&P/ASX200 index over Jul-Dec 2014. The estimated

model in Panels A and B is
12 5 5

git = ao + p1 Monday; . + pzhourl;, + Z Qo + Z[ﬂo,k + 0 i t— k) Vit—k + Z VeTit—k + 7T Yie + Nit,
j=1 k=0 k=0
where ;¢ is a proxy for return volatility per unit of time of the t-th transaction in stock ¢, which is estimated as the
absolute value of the residual |€; ;| of the following autoregressive model of returns r;; divided by the duration T;; of

the trade (i.e. oi¢ = |€,¢|/Ti):
5 5 12
Tit = Z Vi kDayr ¢ + Z @i houry it + Z pikTit—k + 0 it + Nyie + €t
k=1 k=1 k=1

x;+ is a vector of potential predictors of the volume-volatility relation. y;: = (In(T}:), Nity ATSi, OIB;+, QTT; 1)
is a vector of control variables that allow for the effects of the order flow prior to a trade. Panel A re-
ports the results when z;; = (Spread;., Depth;.,Slope;.)’, and Panel B reports the results when z;; =
(Spread, i, BV; ¢ Bi i, BV; 1Si.t, AVi 1 Bit, AV +Si 1, BidSlope; + B; +, BidSlope; Si,i, AskSlopei i B+, AskSlope; +S:.+)'.

See Table A.1 and the notes of Table 2 for the definitions of the variables and other notation. Panel B of this table
reports the coeflicient estimates for v;; and x;+ of the order book that are of the opposite side to the direction of a
trade (e.g. v;:AskSlope; +B;: and AskSlope;+B;+) from the volatility equation only, but a complete version of this

table is available upon request.

o8



	Introduction
	The volume-volatility relation
	A general empirical framework
	Proxies for volatility and volume
	Limit order book characteristics and the volume-volatility relation
	A note on causality

	Data
	The Australian stock market
	The data

	Results and discussion
	Order book slope and the volume-volatility relation
	Spread, depth and the volume-volatility relation
	Spread, depth, slope and the volume-volatility relation
	Robustness

	Why is the order book slope informative?
	Conclusions

