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Abstract 

 

Time plays an important role in the analysis of liquidity. In the past, an analysis of 

liquidity has been achieved using multiple and disassociated variables such as traded 

volumes or bid-ask spreads rather than a single metric of liquidity. The availability of 

ultra-high frequency transaction data from financial markets has led to the 

development of econometric techniques that have a greater capacity for the extraction 

of information than those of pre-existent technologies that relied upon the discrete 

sampling of data over calendar time. The use of economic or transaction time, as 

measured by duration in the autoregressive conditional duration (ACD) model of 

Engle and Russell (1998) and Engle (2000), formed the basis for the analysis of 

equity volatility of stocks traded on the Australian Stock Exchange (ASX). Engle 

(2000) was replicated and extended to eight stocks at the ASX. It is shown that the 

intraday seasonal patterns of duration, traded volumes, spreads and volatilities are 

similar to those exhibited by IBM at the NYSE and that duration, as measured by the 

time between trades, affected conditional volatility. Another variable that jointly and 

significantly affected volatility with duration was the bid-ask spread, either measured 

contemporaneously or lagged. However, the anticipated affect of traded volumes was 

not as evident. Further, this analysis was used to confirm the market-microstructure 

theories of Easley and O’Hara (1992) concerning the effects of time on volatility 

rather than those advocated by Diamond and Verecchia (1987). The former proposed 

that longer durations tend to signify that no new information has been impounded into 

prices, while the latter claim they indicated that it was the arrival of ‘bad’ news in the 

market that caused the price effect.  
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1. Introduction 

Liquidity is a frequently revisited theme in financial economics. It is rarely quoted 

as a single metric with the standard definition of liquidity demanding three 

characteristics of a marketplace. They are the immediacy of a trade, the ability for an 

asset to trade quickly in large volumes, and the requirement that the price mechanism 

be not overly responsive to the size of traded volumes (Black, 1971; Glosten and 

Harris, 1988).  Liquidity is of fundamental importance to the performance of financial 

markets and can impact directly upon both implicit and explicit trading costs facing 

an individual investor, as well as the profitability of the market itself. Due to its 

importance, and for the sake of exchange organisation, regulation and investment 

management, this paper seeks to analyse the joint impact of time, liquidity, volume 

and bid-ask spreads on market volatility, with a particular emphasis on the Australian 

equity markets.  

The duration between trades as a measure of liquidity was originally advanced by 

Engle and Russell (1998) and led to their adoption of the Autoregressive Conditional 

Duration (ACD) model as a means to measure it. The raison d’ être of the model is 

described in Engle (2000) where he distinguishes between ‘economic time’ and 

‘calendar time’ and claims that: 

Intuitively, economic time measures the arrival rate of new information that will 

influence both volume and volatility. The joint analysis of transaction times and 

prices implements the standard time deformation models by obtaining a direct 

measure of the arrival rate of transactions and then measuring exactly how this 

influences the distribution of the other observables in the market. (Engle 2000, p.4) 

The ACD model of Engle and Russell (1998) creates a single measure of liquidity 

that incorporates all the afore-mentioned required characteristics. That measure of 
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liquidity is duration between trades. By using the time between trades as a proxy for 

liquidity, the analysis of volatility can be naturally linked to other potentially 

explanatory market-microstructure variables.  

Goodhart and O’Hara (1997) argued that one of the most puzzling issues in the 

market-microstructure literature is the behaviour of volatility. In particular, these 

two authors noted that the Generalised Autoregressive Conditional Heteroscedastic 

(GARCH) model, of which the ACD is an extension, is ideal for pursuing the issue 

of long term (transactional rather than calendar) persistence in volatility. These 

authors suggested that it is transactions rather than volume that drive markets and 

the adjustment of prices and, in so doing, promoted the use and concept of 

economic (transaction) time rather than discrete calendar time. As a result, the ACD 

model has become a highly useful tool in the description of the price-volatility-

information relationship (Jones, 1994).  

The use of economic or transaction time (as measured by duration) in the 

Autoregressive Conditional Duration (ACD) model of Engle and Russell (1998) and 

Engle (2000), formed the basis of our analysis of equity volatility for a selection of 

stocks traded on the Australian Stock Exchange (ASX). The study of Engle (2000) 

was replicated and extended to eight stocks at the ASX. First, we established that the 

intraday seasonal patterns of duration, traded volumes, spreads and volatilities are 

similar to those exhibited by IBM at the NYSE. We then we showed that duration, as 

measured by the time between trades, affects conditional volatility. Data on other 

variables which jointly and significantly affected volatility with duration, such as the 

size of bid-ask spreads, price and traded volumes were included in the analysis. This 

analysis was used to confirm the market-microstructure theories concerning the 

effects of time on volatility by Easley and O’Hara (1992). They proposed that longer 
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durations tend to signify that no new information has been impounded into prices, 

rather than the competing theory of Diamond and Verecchia (1987) who advocated 

that longer durations, or no trades, implied the arrival of bad news when short-selling 

was constrained. 

In the following section we discuss the relation between volume and volatility. An 

institutional discussion of the trading process on the Australian Stock Exchange 

(ASX), and adjustment procedures applied to the data analysed in this study, is dealt 

with in section 3. Section 4 outlines the duration modelling of high frequency data, 

while volatility models and empirical results are contained in section 5. We conclude 

in section 6. 

 

2. Duration And The Volume-volatility Relation 

Most financial market studies in the past have relied upon the collection of data at 

discrete points in time. The use of data that is discretised according to calendar time 

may not be synchronous with events or information flows and may, thereby, lead to 

the erroneous measurement of variables such as volatility. Data in calendar time have 

formed the basis for data collection in the majority of previous market-microstructure 

studies. This was partly due to the limited availability of high-frequency data, along 

with the prevailing view at the time that information shocks to a market were unlikely 

or indeed improbable, over short time frames. With the use of high-frequency data in 

this study, all observations were collected and the population incorporated into the 

analysis to improve inferences. In effect, the statistical nature of information was 

analysed in real time and incorporated variables that conformed with theoretical 

underpinnings of the market-microstructure literature.  



 5 

Much of the early market-microstructure literature ignored the role that time plays 

in the economic formulation of prices. For instance, the oft-cited work of Kyle (1985) 

modelled the price formation process using aggregated data.  Ignoring time during the 

interaction between market participants may produce skewed results. While trade 

imbalances in static time may have produced theoretically appealing outcomes, these 

outcomes are difficult to reproduce in a dynamic time setting. The inherent 

information flow through the timing of a trade was also ignored by Glosten and 

Milgrom (1985) who also modelled trade imbalances.  

Diamond and Verrechia (1987) concluded that a period of calendar time in which 

no trades occur must have been a period when ‘bad’ information that would 

discourage trading had shocked the system. While the inclusion of time and the 

associated information that flows with it was a credible contribution to the literature, 

their finding was controversial. It was based upon the assumption that the market has 

a short sales constraint. Informed sellers who did not own stock were prevented from 

short selling and therefore, unable to take advantage of their information. The lack of 

trades leads to the recognition of this phenomenon by market makers, with a 

corresponding lowering of prices. It follows that a pattern of no trades or longer 

durations is an indicator of bad news.  

Following this article, Easley and O’Hara (1992) offered an intuitively plausible 

insight that a period of no trading would in fact convey the message that ‘no’ news 

was flowing into the system.  This was based upon the realistic assumption that one of 

the participants, namely the market maker, would set bid-ask spreads in response to 

the possibility that informed traders were present and that they could use their 

asymmetric information to act in a predatory fashion. This paper shows the 
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inextricable link between economic and calendar time through the arrival time and 

rate of information flow to the market. 

Under the assumption that the time between trades is used as a proxy for volume 

and that trade arrivals are non-trivially distributed, then a GARCH-type model can be 

used to make the link between volume and volatility. While not always described by 

GARCH-type models, the linkage between volume and volatility has been 

emphasised in the literature by authors such as Lamouroux and Lastrapes (1990), 

Campbell, Grossman, and Wang (1993), and Gallant, Rossi, and Tauchen (1992). 

While expected volume may reduce bid-ask spreads, shocks to volume may widen 

them. As a consequence, volume plays a much more important role in the trading 

process than was recognised in earlier market-microstructure studies. It follows that, 

as an extension of the GARCH framework, the ACD model becomes a useful tool in 

modelling the relation between market-microstructure variables and the understanding 

of volatility. 

 

3. The Australian Stock Exchange And Data Adjustment Procedures 

As one of the larger stock exchanges in the world, the ASX operates both straight 

equity and derivative markets. Equities are traded through the Stock Exchange 

Automated Trading System (SEATS)
1
, a continuous electronic order market that 

operates daily between approximately 10:00am and 4:00pm. Figure 1 below depicts 

the operating hours of the market and the varying phases that it depends upon. Both 

opening and closing call auctions occur in batches of around ten minutes. In the 

morning, the opening call auction runs through five batches and may be preceded by a 

pre-open period where orders may be adjusted after being entered and cancelled if 

                                                 
1
 At the time of writing the ASX was preparing to introduce a new platform common to all securities 

traded on that market. However, the data analysed here was determined under SEATS.  
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required. These orders will, however, not be executed until ASX approval has been 

granted. A similar process occurs in the afternoons between 4:05pm and 4:06pm 

when a single market auction is activated that clears the order book and determines 

closing prices.  Trading is allowable after the closing call auction with the proviso that 

traders are required to report their activities. This is a market requirement given that  

the ASX hosts several stocks that are dual-listed with markets overseas that affect the  

price formation process. 

Figure 1    Equity Trading Hours at the ASX 

 

In his study, Engle (2000) confined his analysis to a single stock listed on the New 

York Stock Exchange (NYSE) and, in so doing, restricted generalisation of his results 

to other equities listed on that market. In order to describe the liquidity of the ASX 

equity market and to allow for generalisation of the results of our analysis, a sample 

of stocks was selected to represent the broader market. These stocks are defined in 

Table 1 below. The ASX is dominated by several stocks belonging to the banking and 

Enquiry (19:00-7:00) 

Pre-Opening (7:00-10:00) 
 

Opening (10:00) 

Normal Trading (10:00- 
                16:00) 

Pre-Open Prior to  
Closing (16:00-16:05) 

Closing Single Price  
Auction (16:05) 

   Closing Phase (16:05-17:00) 
             

After Hours Adjustment 
(17:00-19:00) 
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resource sectors. As a result, the following banking and resource stocks were selected. 

They were: CBA, MBL, and WPL. The other stocks reflect other sectors of the 

market and the broader Australian economy. Price and other associated information 

were collected from 1
st
 September, 2005 through until 1

st
 December, 2005 from the 

Securities Research Centre of Australia (SIRCA). None of the stocks experienced 

abnormal information flows for the period, nor did they go ex-dividend. 

 

Table 1  Stocks used in the analysis. All stocks were considered ‘liquid’ in 

relation to the overall market. 

 

 
 

To ensure accurate modelling, the same data ‘cleansing’ procedures found in 

previous duration studies were adopted here. Firstly, due to the intra-day seasonal 

characteristics of the data and abnormal trading patterns in the opening trading period, 

the opening trades were removed from the sample. Engle and Russell (1998), Engle 

(2000), and Manganelli (2005) all dropped the opening trades from their samples. 

With the removal of any trade that occurred before 10:12 am, the methodology 

implemented here was consistent with the above studies. The ASX actually operates 

with a staggered opening dependent upon the alphabetical listing of the stock. Each 

trade is time stamped in seconds from midnight, with the day being subsequently 

comprised of [ ]0,20880t ∈ seconds. All subsequent trades with the same time stamp 

Stocks Used in the 
Analysis 

Code Name 
Number of Observations  

(before filtration)) 
Number of Observations  

(after filtration)) 

CBA Commonwealth Bank of Australia 102938 57355 
MBL Macquarie Bank Limited 93708 52109 
WPL Woodside Petroleum Limited 93729 51953 
WDC Westfield Group 74973 44282 
WES Wesfarmers Limited 73275 41754 
WOW Woolworths Limited 74814 38608 
RIN Rinker Group Limited 69903 37876 
QBE QBE Insurance Group Limited 62069 33277 
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and price are aggregated while any trade with a negative duration is discarded
2
. Due 

to the choice of period, there were no public holidays during which the ASX 

temporarily ceased trading. Table 1 shows the number of observations that remained 

after all filtering was completed.  

Table 2 contains summary statistics, while Figure 2 depicts graphs of the time-

adjusted durations for the eight stocks included in this analysis. Further adjustment of 

the data was carried out by fitting piecewise-linear splines to the trades off all stocks 

during the trading hours. This resulted in 12 knots for each half hour of trading.
3
 

Table 2  Summary statistics for the intraday durations of the eight stocks that 

comprise this study.  
 

Number of 

Observations Median Mean Std dev Min Max

CBA 57355 21.82 23.62 8.52 11.29 47.20

MBL 52109 25.14 25.99 9.85 11.70 53.65

QBE 33277 37.25 40.68 16.31 17.98 88.35

RIN 37876 32.52 35.75 15.57 12.30 77.31

WDC 44282 25.25 30.58 15.45 12.76 82.79

WES 41754 30.82 32.44 10.50 14.63 58.83

WOW 38608 31.28 33.76 13.31 13.07 71.43

WPL 51953 24.89 26.09 10.66 9.36 57.37

Adjusted Durations  

Figure 2    Durations for eight companies listed on the ASX. 

 

                                                 
2
 A negative duration is an anomaly in the data as it would imply that the data was out of order. 

3
 This data adjustment is important for hazard function estimation in section 4.4. 
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The property in all cases of shorter durations at the start and end of the trading day 

with longer durations in the middle is obvious from Figure 2. 

Table 3 and Figure 3 contain the summary statistics and the graphs of the returns 

for the eight stocks studied, respectively. Similarly, summary statistics and graphs of 

the volume-of-trades are found in Table 4 and Figure 4, and in Table 5 and Figure 5 

for bid-ask spreads. 

 

 Table 3  Summary statistics for the intraday adjusted returns of the eight 

stocks that comprise this study.  

 
Number of 

Observations Median Mean Std dev Min Max

CBA 57355 0.0000604 0.0000634 0.0000127 0.0000432 0.0001058

MBL 52109 0.0000960 0.0001057 0.0000281 0.0000710 0.0001911

QBE 33277 0.0001080 0.0001120 0.0000247 0.0000681 0.0001920

RIN 37876 0.0001300 0.0001420 0.0000386 0.0000822 0.0002820

WDC 44282 0.0001069 0.0001086 0.0000263 0.0000502 0.0001935

WES 41754 0.0000744 0.0000816 0.0000218 0.0000546 0.0001794

WOW 38608 0.0000883 0.0000949 0.0000255 0.0000612 0.0001990

WPL 51953 0.0001009 0.0001058 0.0000315 0.0000626 0.0002231

Adjusted returns

   

 

Figure 3    Returns for eight companies listed on the ASX. 
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Table 3  Summary statistics for the intraday volumes of eight stocks that 

comprise this study.  

 
Number of 

Observations Median Mean Std dev Min Max

CBA 57,356.00             1,000.00          2,656.58          14,733.33        1.00                 2,500,000.00         

MBL 52,109.00             884.89             866.11             97.81               510.47             994.62                   

QBE 33,277.00             4,085.03          4,009.45          526.35             2,043.26          4,876.02                

RIN 37,876.00             5,420.48          5,335.15          492.56             3,480.99          6,070.53                

WDC 44,282.00             6,748.68          6,950.41          1,497.62          2,614.50          8,969.88                

WES 41,754.00             1,360.93          1,350.96          230.10             885.19             1,819.26                

WOW 38,608.00             3,740.35          5,025.93          22,988.11        1.00                 2,427,462.00         

WPL 51,953.00             1,875.71          1,887.88          244.03             1,327.51          2,364.82                

Adjusted Volumes  

 

Figure 4    Volume of trades for eight companies listed on the ASX 

 

 

Table 5  Summary statistics for the intraday bid-ask spreads of eight stocks 

that comprise this study.  

 

Number of 

Observations Median Mean Std dev Min Max

CBA 57355 0.0003563 0.0003599 0.0000340 0.0003044 0.0004406

MBL 52109 0.0004710 0.0004956 0.0000803 0.0003790 0.0006594

QBE 33277 0.0006660 0.0006750 0.0000558 0.0006040 0.0008640

RIN 37876 0.0007800 0.0007980 0.0000468 0.0007340 0.0009710

WDC 44282 0.0006458 0.0006518 0.0000392 0.0005702 0.0007472

WES 41754 0.0004558 0.0004652 0.0000506 0.0003985 0.0007376

WOW 38608 0.0006442 0.0006428 0.0000306 0.0005749 0.0007566

WPL 51953 0.0004664 0.0004835 0.0000503 0.0004326 0.0006817

 Adjusted Spreads  
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Figure 5    Bid-Ask spreads for eight companies listed on the ASX. 

 

 

The V-shape pattern so obvious in Figure 2 is replaced below by the familiar U-

shape pattern for returns (Figure 3), and volume of trades (Figure 4). However, this 

U-shape pattern is not so obvious in the case of bid-ask spreads (Figure 5). 
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High frequency data is irregularly spaced in time and is known statistically as a 

point process. A point process follows a stochastic process that generates a random 

accumulation of points along the time axis. In the case of high frequency financial 

data, the timing of quotes and trades of listed stock is viewed as a point process, with 

the associated characteristics of such data at any time known as marks. For example, 

price and volume corresponding to a trade are marks. In financial markets, a marked 

point process refers to the time of a trade or a quote and the corresponding marks. 

Marked point processes were used by Engle (2000) as a framework for the analysis of 

the trading process. 
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 A financial point process  

Let { t0, t1 , … , tn , ….} be the times of the sequence of trades (or quotes) of an 

asset traded on a financial market. It follows that 0 = t0 ≤ t1 ≤ … ≤  tn ≤ … Further, 

if N(T) is the number of events that have occurred in the interval [ 0,T] then tN(T) is the 

last observation in the sequence of trades, 0 = t0 ≤ t1 ≤ … ≤  tn ≤ …≤ tN(T) = T. 

Additionally, let { z0, z1 , … , zn , …, zN(T)} be the sequence of marks 

corresponding to the arrival times of trades, { t0, t1 , … , tn , …, tN(T)}. 

A time series only views points of the process marked at equidistant points in time 

An alternative approach is to consider the time between consecutive observations or 

durations. Let 1−−= iii ttx , where ix is the i th  duration between trades that occur 

at consecutive times it  and 1−it . Clearly, the sequence { x0, x1 , … ,xn , …, xN(T)} 

contains non-negative elements. 

Following Engle (2000), the joint sequence of durations and marks is given by 

{ ),( ii zx , i = 1, … , T }. If Ii-1 is the information set available at time 1−it , then 

included in this set are past durations of financial trades and pre-determined marks. 

These marks are microstructure variables like transaction volumes and quoted bid-ask 

spreads that are established covariates known to influence trade duration. 

The i th observation has a conditional joint density given by: 

);~,~,(~),( 111 kiiiitii zxzxhIzx π−−−                (1) 

where 1
~

−ix and 1
~

−iz represent previous observations of durations and marks up to 

the (i-1) th  trade and kπ  belongs to the set of parameters of the density function. 

Conditioned on past durations and marks, the joint density function given by (1) can 
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be expressed in terms of the product of the marginal density of the marks given the 

durations. That is: 

);~,~,();~,~();~,~,( 111111 ziiiixiiikiiii zxxznzxxmzxzxh πππ −−−−−− =  (2) 

In equation (2) above, );~,~( 11 xiii zxxm π−− is the marginal density of the duration, 

ix , with parameter, xπ , and conditioned on the previous durations and marks. 

);~,~,( 11 ziiii zxxzn π−− is the density of the mark, iz , with parameter, zπ , and 

conditional on the contemporaneous and previous durations as well as previous 

marks. 

The parameters, xπ and zπ  are estimated from the log-likelihood function, 

)];~,~,(log);~,~(log[),( 11111 ziiiixiii

n

izx zxxznzxxm ππππ −−−−=
+= ∑�   (3) 

Engle (2000) uses the property that durations can be considered as weakly exogenous 

with respect to marks (Engle, Hendry and Richard, 1983) to simplify the estimation 

process. This property allows the two parts of the likelihood function given by 

equation (3) to be maximised separately. 

A point process evolves with after effects if, for any 0tt > , the realization of 

events on ),[ ∞t depends on the sequence of trades that occur in the interval 

),[ 0 tt (Synder and Miller, 1991). Furthermore, it is defined to be conditionally 

orderly at time 0tt ≥ , if the probability of two or more trades occurring in a 

sufficiently short period of time is infinitesimal relative to the probability of one trade 

occurring. The conditional intensity function, or hazard rate, describes a point process 

with after effects. It defines the instantaneous rate of the next trade at time t, 

conditional upon no trade eventuating until time t and is given by: 
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∫
>

−−−

−−−

−−
−

−
=

ts

xiii

xiii

xii
dszxtsm

zxttm
zxt

);~,~(

);~,~(
);~,~,(

111

111

11
π

π
πλ   (4) 

The survivor function, );~,~,( 11 xii zxtS π−− specifies the probability that the time until 

the next trade arrives is greater than some time t. Along with the conditional intensity 

function given by equation (4) and the duration between trades, ix , it describes the 

conditionally orderly point process.  

 The Autoregressive Conditional Duration (ACD) Model 

Engle and Russell (1998) introduced a marginal duration model called the 

autoregressive conditional duration (ACD) model. They defined the conditional 

expected duration as: 

);~,~()( 111 θψψ −−− == iiiiii zxIxE ,     (5) 

where the s'θ are parameters. 

If a multiplicative error structure is assumed where: 

iiix εψ= ,        (6) 

and the durations are standardised, then the standardised durations, iε , are given by: 

 
i

i

i

x

ψ
ε =         (7) 

If the s'ε are assumed to be independent and identically distributed (i.i.d.) then: 

iiiiii EExE ψεψεψ === )()()( , 

therefore, 1)( =iE ε . 

It follows that : 

);();~,~( 11 xiixiii xmzxxm πψπ =−− , 
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with temporal dependence in the duration process captured by the conditional 

expected duration. Engle (2000) points out that under the assumption that 

the s'ε are independent, then the log-likelihood given by equation (3) is easily 

evaluated and the intensity (hazard) can be computed as a function of the density of 

the standardised durations, iε .  

The hazard function given in equation (4), namely );~,~,( 11 xii zxt πλ −− , is 

clearly a function of the durations and the marks. In order to obtain the hazard as a 

function of iε , we need a hazard function derived from the transformation given in 

equations (6) and (7). The simplest transformation of a non-negative function is the 

homothetic transformation. The homothetic transformation iiix εψ= , or
i

i

i

x

ψ
ε = , is 

a scaled transformation that is also known as the “accelerated time” model. In the 

duration literature this homothetic transformation is viewed as a change of scale of the 

time variable and produces a proportional hazard model with the following “derived” 

hazard function given by: 

);,(
1

);~,~,( 011 επ
ψ

λ
ψ

πλ
i

i

i

xii

x
tzxt =−− ,  

ii ttt <≤− 1
        (8)          

);,(0 επ
ψ

λ
i

ix
t is a “baseline” hazard function that is a function of time. The hazard 

or conditional intensity given by equation (4) is then derived by multiplying the 

baseline hazard function by the parameter
iψ

1
, which is the reciprocal of the expected 

duration. By incorporating the counting process, N(t), that refers to the number of 

trades (event arrivals) that have occurred at or prior to time t, the derived intensity 

function given by equation (8) can be re-expressed as: 
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);,(
1

);~,~,(
)(

)(

0

)(

11 επ
ψ

λ
ψ

πλ
tN

tN

tN

xii

x
tzxt =−−     (9) 

The baseline hazard function measures the instantaneous rate of arrival of the next 

trade based on the history of durations and the magnitude of the expected duration, 

iψ . Because iψ enters the baseline hazard function, the duration as measured in 

economic or transactions time will be accelerated by a factor that depends on the 

magnitude of the expected duration. The smaller the expected duration, the faster is 

the acceleration of economic time relative to calendar time. With the baseline hazard 

function a function of the accelerated time between trades, equation (9) has been often 

described as an accelerated failure time model (Engle, 2000). 

Let );( επε ip be the probability density function for the standardised durations 

iε with parameters επ .
4
  With the intensity function in equation (9) a scaled time 

transformation of a conditionally ordered point process of the duration between 

trades, ix , it follows that the corresponding marginal density of the durations can be 

written in terms of the standardised durations, iε , as: 

     );();~,~( 11 xiixiii xmzxxm πψπ =−−  

    );(
1

επ
ψψ i

i

i

x
p=              (10) 

Incorporating equation (10) above, along with the multiplicative error structure of the 

model given by equation (6), the log-likelihood function given by equation (3) can be 

rewritten as: 

]log);(log[),(
)(

1 i

i

itN

ix

x
p ψπ

ψ
ππ εε −= ∑ =

�             (11) 

                                                 
4
 );( επε ip requires non-negative support due to the multiplicative error structure and the non-

negativity of the duration sequence. 
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Conditional on the specification of a parametric distribution for iε , maximum 

likelihood estimates for xπ and επ can be obtained by numerical optimization. 

The ACD model is a highly flexible model that allows for a variety of 

parameterizations of the expected duration, iψ , and the distributions for iε . The 

standard form of the ACD model is attributed to Engle and Russell (1998) and it is 

this form of the model that is utilised for the analysis of volatility in this paper.
5
  

4.3 The Standard ACD Model 

The standard ACD model of Engle and Russell (1998) relies on a linear 

parameterisation of equation (5) where 
i

ψ  is expressed as an autoregressive equation 

that depends on past and expected durations. The ACD (1, 1) model, where the 

present expected duration, ψ, is a linear function of the previous duration and 

expected duration, is given below in equation (12): 

1 1i i i
xψ ω α βψ− −= + +        (12) 

The binding constraints given by ω>0, α>0 and α + β<1 ensures the conditional 

durations for all realisations are positive and that the durations, xi, are covariance 

stationary.  

Rather than specifying a parametric distribution for the standardised durations iε  

to estimate parameters of the expected condition duration equation given by (12) and 

the hazard (or conditional intensity function), Engle (2000) uses a semi-parametric 

density estimation approach. He uses the parametric exponential distribution to 

estimate the parameters of the conditional mean function. Apart from being a 

distribution defined on positive support, it provides quasi-maximum likelihood 

                                                 
5
 For an excellent discussion of flexible alternatives to the standard form of the ACD model attributed 

to Engle and Russell (1998), see Pacurar (2006). 
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(QML) estimators for the ACD model parameters (Engle and Russell, 1998). They are 

also consistent estimators.
6
 However, recognising that the choice for the distribution 

of the error term impacts on the hazard function and that the flat nature of the 

conditional hazard function that results from using the exponential distribution is not 

appropriate for most financial data applications, Engle (2000) estimates the baseline 

hazard non-parametrically. His non-parametric approach is to use the residuals from 

the estimated standardised durations,
∧

iε , to estimate the baseline hazard, )(0 t
∧

λ , 

function by calculating a sample hazard function and smoothing it. The sample hazard 

function is estimated by a Kaplan Meier estimate (essentially a k-nearest neighbour 

estimator) and smoothed by applying a wider bandwidth. Once the baseline hazard 

function is estimated, then equation (9) is used to estimate the hazard for a particular 

arrival from: 

)(
1

)( 1
0 ∧

−
∧

∧

∧ −
=

i

i

i

i

tt
t

ψ
λ

ψ
λ   for  ii ttt <≤−1    (13) 

The hazard is the failure rate per unit of time. It is measured as the number of failures 

divided by the number of individuals at risk at that unit of time. According to Engle 

(2000), the failure rate for the smallest 2k standardised durations is 2k divided by the 

number at risk. For in , the number of trades at it , then the 2k-nearest neighbour 

estimate of the hazard rate is given by: 

)(

2
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kikii
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t

−+
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−
=λ      (14) 

 

 

                                                 
6
 Drost and Werker (2004) show that consistent estimators are obtained when QML estimation is 

applied to distributions that belong to the family of Gamma distributions of which the exponential is a 

member. 
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4.4 Estimating the Hazard Function 

By way of example, we estimate the hazard function from the filtered trades of 

one of the stocks analysed in this study and listed in Table 1, namely, the 

Commonwealth Bank of Australia (CBA). Before computing the hazard using the 

approach outlined in section 4.3 above, the adjustment process required to account for 

intraday seasonal effects is discussed.   

Following both Engle and Russell (1998) and Engle (2000), the data was diurnally 

adjusted to remove any day-of-the-week effects, or intraday seasonality likely to 

distort the estimation results. This process is based upon the assumption that the data 

exhibits intra-daily seasonality with higher trading activity at the beginning and the 

end of the trading day (shorter durations), and longer durations corresponding to 

slower activity outside these periods. This is clearly demonstrated in Figure 2 for the 

eight stocks considered in this study. These trading patterns are regarded as 

characteristic artefacts of the exchange itself as well as the behaviour of traders who, 

for example, trade on overnight information at the start of trading and close their 

positions at the finish (Bauwens 2001:52).
7
 An assumption underlying the adjustment 

process made by Engle and Russell (1998) was that the intraday durations,
ix , can 

be multiplicatively decomposed into a deterministic time-of-day (seasonal) 

component at time 
it , )( 1−itφ , and a stochastic counterpart ix~  that captures the 

dynamics of the durations such that )(~
1−= iii txx φ . The expected conditional 

duration given by equation (5) is now written as: 

)()~( 11 −−= iiii tIxE φψ       (15) 

                                                 
7
 Not only was this process applied to the durations between trades, but it was also applied to the other 

market-microstructure variables analysed in this research, namely, bid-ask spreads, returns, and 

average trade size. 
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A piecewise-linear spline was fitted to the trades of all stocks during trading hours 

with 12 knots representing each half hour of trading. Effectively, the durations were 

regressed on the time-of-day and the diurnally adjusted durations obtained from 

equation (15) by taking ratios of the durations to their fitted values.
8
 Following the 

adjustment process the autocorrelation in the data was substantially reduced. While 

the seasonal adjustment process does not affect the main properties of durations, some 

authors have noted the need for further investigation to better understand its impact 

(see Meitz and Teräsvirta, 2006).  Calculating the sample hazard function from 

equation (14) using a 2000-nearest neighbour estimator results in the hazard function 

depicted in the lower right corner of Figure 6. 

 

Figure 6 Graphs of intraday duration, returns, spread, volume-of –trades and 

the hazard function for the Commonwealth Bank of Australia (CBA) 

 

 

                                                 
8
 Alternative procedures have been applied by others in the literature. They include the use of cubic 

splines by Engle and Russell (1998) and Bauwens and Giot (2000), quadratic functions and indicator 

variables by Tsay (2002) and Drost and Werker (2004), while Dufour and Engle (2000) include diurnal 

dummy variables in a vector autoregressive system.   
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Consistent with the hazard function for IBM trades reported in Engle (2000), there 

is a sharp drop in the hazard for CBA for small durations followed by a gradual 

decline for longer durations. 

 

5. Volatility Models 

Engle (2000) introduced a volatility model in tick time that was based on the 

decomposition of the joint density function of the sequence of durations and marks 

given by equation (2). He provided a suitable framework for the joint modelling of 

durations between events of interest,
ix , and market characteristics, iz . Market 

microstructure variables such as price, bid-ask spread and volume of trades (marks) 

influence trade duration and convey information about volatility. The joint effect of 

duration and these marks on volatility allow for the testing of theories that predict 

market microstructure behaviour.  

Volatility is usually measured over fixed time intervals. However, volatility of an 

asset price over a short between-trade interval is likely to be different to volatility 

over a longer duration. To account for differences in asset price volatility 

corresponding to different duration between trades, and how these differences are 

affected by influential covariates or marks, Engle (2000) introduced an ACD-GARCH 

model that he called the Ultra High-Frequency GARCH (UHF-GARCH) model. An 

ACD model of the type defined in equations (5) and (6) is used to describe duration 

conditioned on the past information set. Returns are then modelled by a GARCH 

model, adapted for irregularly time-spaced data by measuring volatility per unit of 

time and conditioned on contemporary and past durations. Using the property that 

durations are weakly exogenous (see section 4.1, page 12), the ACD model is 

estimated first. Volatility is then estimated from the GARCH model using expected 
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and contemporaneous duration estimates from the first stage, along with selected 

covariates.
9
 

We define ir to be the return from the (i-1)
th

 to the i
th 

transaction. Further, define 

the conditional variance per transaction as: 

iiii hxrV =− )(1        (16) 

This variance is conditional on contemporaneous duration and past returns. As 

previously noted, in order to adapt the variance for irregularly time-spaced data we 

require an adaptation of equation (16) to derive the variance per unit of time. 

Following Engle (2000) this becomes: 

2

1 )( ii

i

i
i x

x

r
V σ=−       (17) 

The relationship between the two variances given by equations (16) and (17) is given 

by equation (18) below: 

2

iii xh σ=         (18) 

The predicted transaction variance, conditional on past returns and durations, is as 

follows: 

)()( 2

11 iiiii xEhE σ−− =      (19) 

Engle (2000) models the series,
i

i

x

r
, as an ARMA(1, 1) process with an 

innovation term given by ie . It follows that: 

1

1

1
−
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− ++= ii
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r

x

r
φρ ,     (20) 

                                                 
9
 It is possible that the reverse situation holds where volatility has an impact on duration and ignoring 

this impact fails to recognise part of the complex relationship that exists between volatility and 

duration. We leave this consideration for future research endeavours. 
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and the variance of ir per  unit of time is the expected value of the square of ie .  

5.1 The Effect Of Duration Clustering On Volatility: Theoretical Explanations 

In the theoretical market-microstructure literature, information-based models are 

based on the idea that there are different degrees of information present in the market 

and there are two categories of traders: namely, informed and uninformed. 

Uninformed traders trade for liquidity needs and are assumed to trade with constant 

intensity. Informed traders have superior information and trade to take advantage of 

their private information. Informed traders reveal their private information by trading 

and uninformed traders learn from the trading of the informed. This information 

transfer between the two categories of trader is conveyed through such trade 

characteristics as timing, price, volume and bid-ask spread. The information-based 

models discussed below endeavour to explain the complex relationship that exists 

between these market microstructure variables. Timing of trades is an important 

variable in understanding information flows and highlights the usefulness of the ACD 

modelling approach.  

The models of Diamond and Verrechia (1987) and Easley and O’Hara (1992) 

were among the first to recognise that traders were likely to learn from the timing of 

their trades. The presence of either informed traders or liquidity (uninformed) traders 

in the market was signalled by the incidence of short or long duration clustering. 

Diamond and Verrechia (1987) argued that long duration clustering was associated 

with “bad” news. Their explanation relied on the assumption that no short-selling was 

permitted in the market. When “bad” news hit the market, informed traders were 

unable to take advantage of it by short-selling and did not trade. Easley and O’Hara 

(1992) suggested that the sequence of trades implied information flows relating to 

agents and systematic market news. Informed traders only traded when new 



 25 

information entered the market, while liquidity traders were assumed to trade with 

constant intensity. Information events (either good or bad news) were assumed to be 

associated with short duration clustering through the increased activity of informed 

traders. A different explanation of duration clustering was advanced by Admati and 

Pfleiderer (1988) who explained it by distinguishing between two types of 

uninformed traders. Discretionary traders were uninformed but able to time their 

trades, while non-discretionary traders were also uninformed but unable to time their 

trades. The optimal behaviour for discretionary traders was to trade frequently when 

the non-discretionary traders did in order to protect themselves against adverse 

selection costs. Informed traders were supposed to follow the trading patterns of the 

discretionary traders. In all these models duration clustering occurs with information 

events and affects volatility. 

5.2 The Basic Volatility Model 

The simple GARCH (1, 1) model can be used to model volatility as a variable 

dependent upon both economic time and activity. It is modified to capture the 

variance per unit of time in order to account for the stochastic nature of economic 

time. Rather than relying on discretely sampled data, or the aggregation of the data at 

fixed intervals, each transaction period is used: 

  
22

1

2

iii e βσαωσ ++= −     (21) 

 

While the mean of the
i

i

x

r
series is modelled as an ARMA(1, 1) process as 

detailed above, the variance given by equation (21) assumes that news from the last  

trade is captured as the square of the last innovation from equation (20), and the 

persistence of news is unaffected by duration. Engle (2000) suggests that this implies 

that the coefficients can be taken as fixed parameters. The results from the estimation 
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Table 6    Estimation results for equation (21): 22

1

2

iii e βσαωσ ++= − .  

 
Stock Variance Equation 

 
            Coefficient         Prob 

  

 

CBA 

 

C 

 

0.8078 

 

0.0024 

  RESID(-1)^2 0.1520 0.0000 

  GARCH(-1) 0.7092 0.0000 

MBL C 0.4892 0.0000 

  RESID(-1)^2 0.2258 0.0000 

  GARCH(-1) 0.7197 0.0000 

QBE C 2.3477 0.0000 

  RESID(-1)^2 0.3147 0.0000 

  GARCH(-1) 0.3314 0.0000 

RIN C 0.3972 0.0000 

  RESID(-1)^2 0.1596 0.0000 

  GARCH(-1) 0.7857 0.0000 

WDC C 0.7808 0.0000 

  RESID(-1)^2 0.1234 0.0000 

  GARCH(-1) 0.6794 0.0000 

WES C 1.5525 0.0002 

  RESID(-1)^2 0.4599 0.0067 

  GARCH(-1) 0.5539 0.0000 

WOW C 2.7249 0.0000 

  RESID(-1)^2 0.3502 0.0000 

  GARCH(-1) 0.1739 0.0000 

WPL C 1.2705 0.0000 

  RESID(-1)^2 0.2085 0.0000 

  GARCH(-1) 0.5628 0.0000 

 

of equation (21) can be found in Table 6. It is a GARCH (1, 1) model where durations 

and other ‘economic variables’ are excluded.  

Of particular interest in any GARCH model is the level of persistence as indicated 

by the sum of the alpha and beta coefficients. It is the presence of persistence that 

indicates volatility clustering and the appropriateness of the GARCH specification for 

the data being analysed. Engle (2000) reports this statistic to be less than 0.5 and 

regards this value as very small for such a high frequency data set.
10

  On the other 

hand, from Table 6 it can be seen that all of the sampled stocks in this research 

exhibited persistence greater than 0.64 with three of the eight securities analysed 

                                                 
10

 This was also a result found by Ghose and Kroner (1995) and Anderson and Bollerslev (1997) when 

analysing high frequency data in calendar time.  
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having a value greater than 0.85. The persistence is a measure of long-term volatility. 

Alpha measures the news from the last period and is reported to be around 0.3 for 

IBM in the Engle (2000) study, but varies for the ASX stocks from around 0.12 

(WDC) to 0.46 (WES). The beta is simply the last period forecast of the variance and 

varies from an abnormally low value of 0.1739 for WOW to a more characteristic 

high of 0.7857 for RIN.  

The limitation of this model is that duration and the volatility of returns are not 

necessarily related to the same information events. This is likely to be unrealistic. It 

does not include the possibility that the current duration may affect the volatility of 

the returns process through information-based trading. The theoretical constructs 

discussed above cannot be implemented or tested using the basic model presented in 

equation (20). An intuitive extension of this model specification is to augment the 

existing model with economic time variables, such as duration and its variants, as 

well as economic activity indicators such as the bid-ask spread and traded volume. 

This is done in the following sections. 

5.2 A Volatility Model With Duration Included As a Covariate 

To facilitate the fact that durations and volatility can be driven by the same news 

events, it is useful to include another independent variable that represents the 

duration. By introducing durations into the GARCH framework the conditional 

variance is given by: 

 2 2 2 1

1 1 1i i i ie xσ ω α βσ γ −
− −= + + +               (22) 

 

The market-microstructure literature is not based upon a consensus view of how 

the sequence of trades affects volatility or indeed, what type of information can be 

garnered from this sequence. Therefore, in order to provide greater support for any of 

the published theories, the basic GARCH model given by equation (21) has been 
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extended to offer possible extra explanatory power. The extensions are variations of 

the duration variable in several guises. The coefficient γ1, in equation (22) above 

provides some indication of the effects of duration on the current period’s volatility. 

If the theory of Easley and O’Hara (1992) is empirically verifiable, then short 

durations following an information event would increase volatility. Accordingly, it is 

expected that γ1 would be significant and positive. As the duration enters equation 

(22) as a reciprocal, then a longer duration would indicate no news and a reduced 

impact on volatility. This was certainly the case when Engle (2000) analysed the 

volatility of IBM at the NYSE. As shown in Table 7, this view is reinforced in this 

study. All the sampled ASX stocks were characterised by positive and significant 

coefficients. Commonwealth Bank (CBA), the most frequently traded stock in the 

sample, had the smallest positive and significant value for γ1. While this implies that 

news events impact positively on the volatility for this stock, the impact is not as 

pronounced as with the other stocks in the study. This is understandable given that 

duration clustering is likely to be more pronounced for this stock due to a greater 

concentration of liquidity trading across periods of news or no news. The results in 

Table 7 go some way to confirming the proposition of Easley and O’Hara (1992). As 

distinct from the volatility model specified in equation (21), persistence of volatility 

depends on the persistence of durations as well as the GARCH parameters in the 

model given by equation (22).  

5.3 A Volatility Model With Three Duration Covariates And Long-run 

Volatility Variable Included 

 

By looking at the reciprocal of duration in isolation, there may be underestimation 

of the impact that duration (the trading intensity) has on various independent 

variables that impact on volatility. It is possible to argue that the model given in 

 



 29 

Table 7  Estimation results for equation (22): 2 2 2 1

1 1 1i i i i
e xσ ω α βσ γ −

− −= + + + .  

Stock 

Variance 

Equation Coefficient Prob.      Coefficient Prob.   

           

          

CBA C 0.337861 0.3423  WDC C -0.02538 0.0000 

  RESID(-1)^2 0.177545 0.0000   RESID(-1)^2 0.043598 0.0000 

  GARCH(-1) 0.594976 0.0003   GARCH(-1) 0.006272 0.0002 

  1/DURS 0.228919 0.0098   1/DURS 0.619977 0.0000 

           

MBL C -0.00561 0.6978  WES C 4.551137 0.0000 

  RESID(-1)^2 0.15941 0.0000   RESID(-1)^2 0.034066 0.2114 

  GARCH(-1) 0.034408 0.0000   GARCH(-1) 0.254374 0.0714 

  1/DURS 0.663868 0.0000   1/DURS 0.421155 0.0012 

           

           

QBE C 0.039976 0.2154  WOW C 0.033728 0.0999 

  RESID(-1)^2 0.059685 0.0000   RESID(-1)^2 0.087419 0.0000 

  GARCH(-1) 0.006511 0.0157   GARCH(-1) 0.003323 0.1033 

  1/DURS 0.64463 0.0000   1/DURS 0.774358 0.0000 

           

RIN C -0.00406 0.7276  WPL C 0.046087 0.3262 

  RESID(-1)^2 0.104143 0.0000   RESID(-1)^2 0.133995 0.0000 

  GARCH(-1) 0.015734 0.0000   GARCH(-1) 0.003703 0.1987 

  1/DURS 0.598486 0.0000   1/DURS 0.746444 0.0000 

           

 

equation (22) is mis-specified due to an inadequate number of duration-related 

variables (both observed and expected) and other economic variables that affect 

volatility. To overcome this deficiency we augmented to equation (22) a measure of 

the surprise in durations,
i

ix

ψ
, and an indicator of expected trade arrivals given by the 

reciprocal of expected durations, 1−
iψ . Following Engle (2000), we also 

incorporated into the specification given by equation (23) below, a variable, 1−iξ , that 

measures long-run volatility.  

1
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iξ is the measure of long-run volatility and is computed by exponentially smoothing 

the series, 
i

i

x

r 2

, with a smoothing parameter equal to 0.995. This results in the 

exponential smoothing equation: 1
1

2

1 995.0)(005.0 −
−

− += i
i

i
i x

r ξξ  

The results for the reciprocal of duration, given as 1/DURS in Table 8, are consistent 

with those reported in Table 7, with all values positive and significant. This supports 

the Easley and O’Hara (1992) proposition that shorter (longer) durations would 

indicate news (no news) and result in a greater (lesser) impact on volatility. Taking 

this concept one step further, DURS/EDURS, is taken to be the surprise in durations 

by Engle (2000) and is shown to have a negative coefficient in this study, except for 

QBE. Should the duration between the latest trade and the one preceding it be 

different, then this should reflect the short-run impact of durations. If the actual 

duration is greater than what is expected, then the surprise would indicate a reduction 

in volatility. In this case, the ratio would be greater than one and translate to a 

reduction in volatility as long as the coefficient is negative. This was the case for the 

variables analysed in this study, except for QBE. While the coefficient for WPL was 

negative, it lacked statistical significance. A surprise could mean that either new 

information has been released or that the actions of traders may be of some interest. 

In particular, the question can be raised as to whether or not the marginal investor is 

informed or is simply a noise (liquidity) trader. Engle (2000) analysed only one stock 

finding a negative coefficient. The results of this study are more conclusive but 

require more evidence before support can be given to one or more of the theoretical 

propositions.  
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Table 8   Estimation results for equation (23):  

2 2 2 1 1

1 1 1 2 3 1 4
i

i i i i i

i

x
e xσ ω α βσ γ γ γ ξ γ ψ

ψ
− −

− − −= + + + + + +  

        

Stock Variance Equation Coefficient Prob.   Stock Variance Equation Coefficient Prob.   

CBA C 0.400054 0.1232 WDC C 0.370172 0.0000 

 RESID(-1)^2 0.276482 0.0000  RESID(-1)^2 0.285281 0.0000 

 GARCH(-1) 0.497933 0.0000  GARCH(-1) 0.494371 0.0000 

 1/DURS 0.438148 0.0000  1/DURS 0.494720 0.0000 

 DURS/EDURS -0.13979 0.0000  DURS/EDURS -0.061821 0.0000 

 LONGVOL(-1) 0.113373 0.0039  LONGVOL(-1) 0.092264 0.0000 

 1/EDURS 0.063631 0.8651  1/EDURS 0.068578 0.1505 

        

MBL C 0.298417 0.0000 WES C 0.575973 0.0000 

 RESID(-1)^2 0.194057 0.0000  RESID(-1)^2 0.998742 0.0173 

 GARCH(-1) 0.483377 0.0000  GARCH(-1) 0.212762 0.0000 

 1/DURS 0.447814 0.0000  1/DURS 0.696795 0.0000 

 DURS/EDURS -0.11778 0.0000  DURS/EDURS -0.036880 0.0008 

 LONGVOL(-1) 0.082562 0.0138  LONGVOL(-1) 0.001418 0.6207 

 1/EDURS 6.70E-05 0.9987  1/EDURS -0.465357 0.0000 

        

QBE C -0.14338 0.0130 WOW C 0.40000 0.0018 

 RESID(-1)^2 0.058131 0.0000  RESID(-1)^2 0.30000 0.0000 

 GARCH(-1) 0.00719 0.0011  GARCH(-1) 0.50000 0.0000 

 1/DURS 0.693028 0.0000  1/DURS 0.50000 0.0000 

 DURS/EDURS 0.029797 0.0001  DURS/EDURS -0.050000 0.0579 

 LONGVOL(-1) 0.023425 0.0000  LONGVOL(-1) 0.10000 0.0000 

 1/EDURS -0.06304 0.2799  1/EDURS 0.10000 0.4255 

        

RIO C 0.267065 0.0000 WPL C 0.477850  0.1141 

 RESID(-1)^2 0.273693 0.0000  RESID(-1)^2 0.276570  0.0000 

 GARCH(-1) 0.479469 0.0000  GARCH(-1) 0.002826  0.3381 

 1/DURS 0.477243 0.0000  1/DURS 0.872734  0.0000 

 DURS/EDURS -0.12299 0.0000  DURS/EDURS -0.007001  0.9630 

 LONGVOL(-1) 0.072366 0.0000  LONGVOL(-1) -0.029006  0.0017 

 1/EDURS -0.04154 0.3232  1/EDURS 0.210832 0.1209 

 

The reciprocal of the expected arrival rate (1/EDURS) is a reflection of how the 

prior period’s forecast affects the current volatility of returns. This was given as a 

positive coefficient when Engle analysed IBM, but produced mixed results according 

to the signs of the coefficients for the sample of ASX stocks. Only in the case of WES 

was the coefficient significant. Of the positive coefficients for the expected duration, 

the highest belonged to WPL and then in diminishing order, WDC, WOW, CBA, and 

MBL. The stocks with negative coefficients were WES, QBE, and RIO. The fact that 
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the coefficients are not directionally uniform has implications in market-

microstructure terms. Engle (2000) describes this variable as the trading intensity 

which indicates the relation between transaction intensity and volatility. In this case 

the mixed results indicate that higher trading intensity in some stocks leads to lower 

volatility and vice versa. It could also mean that the expected arrival rate is more 

stochastic than first assumed in the modelling process.  

The long-run volatility parameter directly incorporates persistence into the model. 

In all cases for the ASX stocks, results are in accordance with Engle (2000) as the 

long-run volatility positively affects volatility. By weighting the variable by only .005 

of the current trade and .995 to the prior transaction, the model implicitly assumes that 

volatility is a long-run variable. 

5.4 Volatility Models With Additional Market Microstructure Variables 

 

Engle (2000), Engle and Russell (1998), and Bauwens and Giot (2000) take the 

expectation of the volatility model given in equation (23), conditional on past 

information, and add market-microstructure variables to add further explanatory 

power. This is a genuine contribution as it jointly determines the forecasting impact of 

market-microstructure variables on volatility, rather than following the prior practice 

of concentrating on one liquidity variable at a time. In addition to the duration and 

economic variables considered previously in equation (23), dummy variables for the 

lagged bid-ask spread and contemporaneous volume-of-trade variables are included as 

covariates in equation (24) below. The dummy variables take values of one when the 

bid-ask spread and the volume-of-trade variables are two standard deviations from 

their means. 
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The bid-ask spread, often analysed as a variable in its own right, is included as an 

explanatory variable of volatility in conjunction with durations. In much of the earlier 

literature, the spread has been the focus of attention in the role of the dependent 

variable. In this case, it plays a secondary role to the return process and its interaction 

with duration as an indicator of information flows and trading behaviour. According 

to Easley and O’Hara (1992) who based their work on Glosten and Milgrom (1985), 

the sign and magnitude of the spread in relation to volatility is useful. A long duration 

means that no new information has been released during the time between trades and, 

as a consequence, the probability of trading with an informed trader minimised. The 

contrary is the case when the spread is relatively small for periods during the day.  

It should be noted again that the stocks used in this sample did not experience any 

major news events for the period from which the data was taken. This implies that 

more confidence can be placed in the relation shown between the dependent and 

independent variables; namely the bid-ask spread and the volatility of returns. A 

smaller (longer) duration means a wider (narrower) spread and an increased (reduced) 

impact on volatility. This suggests a positive coefficient for the spread variable when 

used in the expected conditional duration model. In determining the value of the 

dummy variable, the spread has been de-seasonalised in the same fashion as the 

duration data.  

In this study we find a significant relation between the lagged spread and the 

expected volatility. As shown in Table 9, all coefficients are positive and significant 

with the exception of CBA and WES. While the specification of the model is similar, 

the indicator function is applied to data points two standard deviations from the mean 

rather than the fixed .003 used by Engle (2000). While not directly comparable, the 

results of this study are generally consistent with that of Engle (2000). 
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Table 9 Estimation results for equation (24) with lagged spread and 

contemporaneous volume-of-trade variables: 
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Stock C 
RESID^2 

(-1) 
GARCH 

(-1) 1/DURS DURS/EDURS 
LONGVOL 

(-1) 
SPREAD 

(-1) VOLUME 

CBA 0.37808 0.21778 0.51156 0.38689 -0.10017 0.11631 -0.43256 -1.44423 

 0.00080 0.00000 0.00000 0.00050 0.24240 0.00300 0.01040 0.00000 

MBL 0.29174 0.25763 0.47812 0.48009 -0.11248 0.06934 0.31578 -0.22601 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.02620 0.10490 

QBE 0.23625 0.01798 0.46485 0.46699 -0.10194 0.06724 0.27872 -0.53633 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 

RIN 0.25619 0.26979 0.47673 0.47381 -0.12558 0.06937 0.34983 -0.47140 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 

WDC 0.40000 0.30000 0.50000 0.50000 -0.05000 0.10000 0.50000 0.00000 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 1.00000 

WES 0.82183 0.40861 0.16292 0.55444 -0.13076 0.05127 1.19006 8.87225 

 0.34880 0.07150 0.49910 0.02070 0.16110 0.01900 0.45910 0.88120 

WOW 0.40000 0.30000 0.50000 0.50000 -0.05000 0.10000 0.50000 0.00000 

 0.00000 0.00000 0.00000 0.00000 0.05030 0.00000 0.00540 1.00000 

WPL -0.21388 0.11538 0.00140 0.79320 0.03570 0.02300 3.11342 -0.02959 

  0.00000 0.00000 0.49200 0.00000 0.00020 0.00310 0.00000 0.54010 

 

The second non-duration based economic variable included in equation 24 

is the contemporaneous volume-of-trades. The relation between this variable 

and volatility has been often studied in the literature. Bauwens and Giot 

(2000) suggest that it is unexpected flows in volume rather than the expected 

that are most pertinent to the price formation process. This is a similar 

concept to that introduced in the duration section of the results. Effectively, 

the volume in excess of normal liquidity is deemed to be the unexpected 

volume. This type of volume will be driven by informed traders.  

Rather than a fixed figure of 10,000 shares as used in Engle (2000), in this 

study a dummy variable is applied when a trade is greater than two standard 

deviations from the mean of the volume-of-trades. This is intuitively 

appealing as 10,000 IBM shares do not seem to be a large volume nor, at least 

at the time of Engle’s paper, did they have a remarkably high dollar value. It 
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is therefore arguable that 10,000 shares can be considered ‘large.’ In all cases 

in this study, except for WES, WPL and WOW, the variable has negative 

coefficients indicating that a large volume trade decreases expected volatility. 

This is counter-intuitive as it is expected that large volume should result in 

increased volatility. It is also contrary to Engle’s opposite, but weak result. 

However, significance was only the case in four of the five companies with 

negative coefficients. It could mean that informed traders, who are assumed 

to drive these large trades, have traded based upon the old information which 

has now been impounded into the new equilibrium price. This then implies 

the unlikely event that the new information has occurred without the noise 

trader’s knowledge. If this proposition is accepted, it follows that the 

likelihood of the next trade being informed is smaller. 

In the original Engle (2000) paper the spread was lagged in accordance with the        

literature relating to market makers and their impacts upon the market quality. It was 

argued that the size of the spread offered by the market maker would either induce or 

deter trading activity. Therefore, the spread may actually have an effect on future 

volatility. As opposed to the NYSE where the market-maker setting is in operation, 

the ASX is an electronic order-limit market. This means that the spread is a function 

of the orders placed, as opposed an inducement to trade. In such an order driven 

market there are no specified market-makers making bids or offers in the traditional 

sense. Therefore, it is hypothesised in this paper that rather than the prior spread 

having an impact on expected volatility it is in fact the lagged volume that will be the 

‘active’ variable. Equation 25 shows how the lagged volume ( 1υ− ) and 

contemporaneous spread (ς ) impact on volatility. 
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By reversing the direction the lags imposed on bid-ask spread and volume, from 

Tables 9 and 10 we observe little difference in the impact on volatility from what was 

discussed above. In both Tables 9 and 10 we see that the spread is significant and 

positive in most instances, while the volume appears to have an ambiguous affect on 

volatility with both positive and negative coefficients and also irregular significance. 

This is the case when it is both lagged and contemporaneous.  

 

Table 10 Estimation results for equation (25) with lagged volume-of-trade and 

contemporaneous bid-ask spread variables: 
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6. Conclusions 

The availability of ultra-high frequency transaction data from financial markets 

has led to the development of econometric techniques that have a greater capacity for 

the extraction of information than those of pre-existent technologies that relied upon 

Stock C 
RESID^2 

(-1) 
GARCH(-

1) 1/DURS DURS/EDURS 
LONGVOL 

(-1) SPREAD 
VOLUME 

(-1) 

CBA 0.39963 0.19750 0.49685 0.41825 -0.12560 0.12059 -0.04823 -1.58351 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00320 0.65590 0.00000 

MBL 0.29133 0.15689 0.47576 0.43768 -0.11053 0.06804 0.69980 -0.02104 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.04180 0.90300 

QBE 0.22427 0.26861 0.46844 0.49550 -0.10579 0.06590 0.48661 -0.07551 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 

RIN 0.25479 0.27006 0.47665 0.47358 -0.12515 0.06890 0.41552 -0.36874 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 

WDC 0.40000 0.30000 0.50000 0.50000 -0.05000 0.10000 0.50000 0.00000 

 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 0.00000 1.00000 

WES 0.268599 0.286823 0.455125 0.503863 -0.145159 0.072703 0.554846 2.59705 

 0.21270 0.00000 0.00000 0.00000 0.00000 0.07720 0.02790 0.96810 

WOW 0.40000 0.30000 0.50000 0.50000 -0.05000 0.10000 0.50000 0.00000 

 0.00000 0.00000 0.00000 0.00000 0.04470 0.00000 0.00920 1.00000 

WPL -0.185916 0.112423 0.011894 0.651922 0.029112 0.017139 8.051636 1.574861 

  0.00000 0.00000 0.00000 0.00000 0.00000 0.00050 0.00000 0.03300 
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the discrete sampling of data over calendar time. The use of economic or transaction 

time, measured by duration in the autoregressive conditional duration (ACD) model 

of Engle and Russell (1998) and Engle (2000), formed the basis in this study for the 

analysis of equity volatility on the Australian Stock Exchange (ASX). 

Using data from eight highly liquid stocks traded on the ASX, we established that 

the time between trades affected conditional volatility. This was made possible by 

using the approach followed by Engle (2000) where the ACD model, along with the 

conventional GARCH model adapted for economic time, facilitated the joint 

estimation of duration-related and other market-microstructure variables that affect 

volatility. In particular, given that the ASX is an electronic order-driven market 

without the presence of a conventional market maker, we were interested in the 

relationship between the bid-ask spread, the volume-of-trades and their lag structures 

for the stocks analysed. Further, we sought to answer the question as to whether our 

results lent support to information-based theoretical constructs proposed in the 

market- microstructure literature that endeavoured to explain the trading behaviour of 

informed versus liquidity (uninformed) market participants. 

Our results were, in general, consistent with those of Engle (2000) who studied 

ultra-high frequency data for a single stock (IBM) traded on the New York Stock 

Exchange (NYSE). As the stocks analysed in this study covered a cross section of 

industries, differences in their trading patterns and the corresponding effect on 

volatility were bound to emerge. However, we confidently concluded that liquidity 

(as measured by duration) and the lagged or contemporaneously measured bid-ask 

spread play an important role in explaining conditional volatility. The role of volume-

of-trades was less pronounced. Further, our results can be interpreted as lending 

support to the theoretical proposition of Easley and O’Hara (1992) who hypothesised 



 38 

that longer durations tend to signify that no new information has been impounded into 

prices. 

We realise that many suggestions have emerged as to how the ACD modelling 

approach undertaken in this study can be extended, modified and improved. The 

challenge of incorporating these econometric changes into our research is an intended 

focus for our future work. Additionally, we are also committed to applying the 

technique of modelling in economic time to the many problems in the finance 

discipline where important questions can be answered from information revealed in 

the trading patterns from ultra-high frequency data. 

 

References: 

References: 

Admati, A.,and Pfleiderer, P. (1988). "A theory of intraday patterns: Volume and 

price variability." Review of Financial Studies 1(Spring): 3-40. 

 

Amihud, Y., and Mendelson, H. (1980). "Dealership market: Market making with 

inventory." Journal of Financial Economics 8: 31-53. 

 

Amihud, Y., and Mendelson, H. (1987). "Trading mechanisms and stock returns: An 

empirical investigation." Journal of Finance 42: 533-553. 

 

Bauwens, L., and Giot, P. (2000). “The logarithmic ACD model: An application to 

the bid-ask quoate process of three NYSE stocks”, Annales D’Economi et de 

Statistique 60: 117-149. 

 

Bollerslev, T., (1986), “Generalised autoregressive conditional heteroskedasticity” 

Journal of Econometrics 32: 307-327.  

 

Chan, K., Christie, W., and Shultz, P. (1995). "Market structure and the intraday 

pattern of bid-ask spreads for NASDAQ securities." Journal of Business 68: 35-60. 

 

Demsetz, H. (1968). "The cost of transactin." Quarterly Journal of Economics 82: 33-

53. 

 

Easley, D., and O'Hara, M. (1987). "Price, trade size, and information in securities 

markets." Journal of Financial Economics 19: 69-90. 

 



 39 

Engle, R., Russell, J. (1994). "Forecasting transaction rates: The autoregressive 

conditional duration model." NBER Working Paper Series(Paper number 4966). 

 

Engle, R., Russell, J. (1998). "Autoregressive conditional duration: A new model for 

irregularly spaced transactions data." Econometrica 66(5): 1127-1162. 

 

Engle, R. (2000). "The econometrics of ultra-high-frequency data." Econometrica 

68(1): 1-22. 

 

Goodhart, C.A.E., and O’Hara, M. (1997). “High frequency data in financial markets: 

Issues and applications.”, Journal of Empirical Finance 4:73-114. 

 

Gourieroux, G., Jasiak, J., and Le Fol, G. (1999). "Intra-day market activity." Journal 

of Financial Markets 2:193-226. 

 

Jones, C.M., Kaul, G., and Koch, T.W. (1990). “Transactions, volume, and volatility”, 

Review of Financial Studies 7:631-651. 

 

Lee, M., Ready, M., and Seguin, P. (1994). "Volume, volatility and New York Stock  

Exchange trading halts." Journal of Finance 49: 183-215. 

 

McInish, T., and Wood, R. (1992). "An analysis of intraday patterns in bid/ask 

spreads for NYSE stocks." Journal of Finance 47: 753-764. 

 

Madhaven, A. a. S., S. (1993). "An analysis of daily changes in specialists' inventories 

and quotations." Journal of Finance 48: 1595-1628. 

 

Manganelli, S. (2005), “Duration, volume and volatility impact of trades”, Journal of 

Financial Markets, 8:377-399. 

 

Mendelson, H. (1982). "Market behaviour in a clearing house." Econometrica 

50(1505-1524). 

 

Visaltanachoti, N. (2003), “Spread, depth, and order flows patterns of warrants and 

their underlying stocks on the Stock Exchange of Thailand”, Working Paper, 

Nanyang Technological University, Singapore.  
 

 

 


