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Abstract

This thesis comprises four papers concerning trade durations and limit order book information. Paper
[1], [2] and [4] study trader durations, e.g., the time between stock transactions in intra-day data. Paper
[3] focus on the information content in the limit order book concerning future price movements in stock
transaction data.

Paper [1] considers conditional duration models in which durations are in continuous time but mea-
sured in grouped or discretized form. This feature of recorded durations in combination with a frequently
traded stock is expected to negatively influence the performance of conventional estimators for intraday
duration models. A few estimators that account for the discreteness are discussed and compared in a
Monte Carlo experiment. An EM-algorithm accounting for the discrete data performs better than those
which do not. Empirically, the incorporation of level variables for past trading is rejected in favour of
change variables. This enables an interpretation in terms of news effects. No evidence of asymmetric
responses to news about prices and spreads is found.

Paper [2] considers an extension of the univariate autoregressive conditional duration model to which
durations from a second stock are added. The model is empirically used to study duration dependence
in four traded stocks, Nordea, Foreningssparbanken, Handelsbanken and SEB A on the Stockholm Stock
Exchange. The stocks are all active in the banking sector. It is found that including durations from a
second stock may add explanatory power to the univariate model. We also find that spread changes have
significant effect for all series.

Paper [3] empirically tests whether an open limit order book contains information about future
short-run stock price movements. To account for the discrete nature of price changes, the integer-valued
autoregressive model of order one is utilized. A model transformation has an advantage over conventional
count data approaches since it handles negative integer-valued price changes. The empirical results reveal
that measures capturing offered quantities of a share at the best bid- and ask-price reveal more information
about future short-run price movements than measures capturing the quantities offered at prices below
and above. Imbalance and changes in offered quantities at prices below and above the best bid- and ask-
price do, however, have a small and significant effect on future price changes. The results also indicate
that the value of order book information is short-term.

Paper [4] This paper studies the impact of news announcements on trade durations in stocks on the
Stockholm Stock Exchange. The news are categorized into four groups and the impact on the time between
transactions is studied. Times before, during and after the news release are considered. Econometrically,
the impact is studied within an autoregressive conditional duration model using intradaily data for six
stocks. The empirical results reveal that news reduces the duration lengths before, during and after news
releases as expected by the theoretical litterature on durations and information flow.

Key words: Finance, Maximum likelihood, Estimation, ACD, News, Multivariate, Intraday, Market
microstructure, Granger causality, Time series, INAR, Stock price, Open limit order book.
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Introduction

The role for markets is to determine the prices of goods. The question is then, how is
this done? The price is determined through an agreement between a buyer and a seller
of a quantity of a good. In daily life this may be when a buyer and a seller contact
each other directly, for example, when buying a car or a household good. Often there
are a number of persons involved in buying or selling goods. The price is then the
price at which the quantity for sale is equal to the quantity individuals want to buy.
In the economic literature this is the intersection of the demand and supply curves of a
specific good. Simply, if more individuals are interested in buying than selling a good
the price will increase and if more people are interested in selling than buying a good

the price will decrease.

When buying and selling financial assets the buyers and sellers, denoted traders in
the finance literature, may either contact each other directly through a specialist or
trade through a computerized system. A common wish among traders is to trade at a
market that is liquid. This may be defined as the ability to quickly trade a quantity of
shares with low price impact. To accomplish this efficiently several trading mechanisms
have emerged. The three main solutions are order driven markets, Walrasian auction
and price driven markets. The Stockholm Stock Exchange (SSE) is an order driven
market. At the SSE traders enter their orders directly into a computerized system
and orders are executed when they can be matched. Since the market is computerized
small as well as large investors have direct access to the market. The access may be,
e.g., through trading platforms on the internet. A second market mechanism used at
financial markets is the Walrasian auction. It is one of the oldest market types and is
used, e.g., at the London gold market. Finally, a third alternative market mechanism
is the price driving market. In that market traders trade through a market maker. The
market maker has to provide liquidity to the market, i.e. always standing ready to buy
and sell assets. A leading example of such a market is the New York Stock Exchange

(NYSE).

The common feature of the different trading mechanisms is that they are governed
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by rules. For example, the order driven market at the SSE is a continuous market.
Traders may enter their orders at any time during the opening hours and, hence, orders
are matched and executed continuously over time. The implication of this is that
trades occur irregularly and may be clustered over time. In the finance literature the
irregularly spaced time between transactions has received attention as it is thought
to reflect the information flow to the market. In order driven markets traders enter
their orders to an order book. The order book is monitored by a computer and the
content is visible to traders. Accordingly, traders’ order placements are observed and
may influence other market participants. Another common feature of the SSE is the
existence of automated trading or algorithm trading among institutional and private
traders. Automated trading is performed by a computer, i.e. the trading decisions is
transferred from a human trader to a computer. Strategies based on variables such as
liquidity, time and price may trigger buy and sell orders. The purpose of the automated
trading may be, for example, to lower transaction costs or to make profit out of trading
strategies. Institutional investors may have research divisions devoted to automated
trading or use software from companies providing sophisticated trading solutions. Also,
private investors may have access to automated trading through online brokerage firms.
The use of automated trading may have implications for the market characteristics at
the SSE. One possible complication may be that reactions after events are faster and
more powerful than without automated trading. The reason for this may be that the
automated trading triggers a chain reaction. For example, an event resulting in a price

movement may initiate a number of trades performed by computers.

In this thesis high frequency data are utilized. High frequency data or intradaily
data is financial data where every transaction or event is recorded. The recording
frequency is often on a second scale in contrary to, e.g., daily or weekly. Such high
frequency data is characterized by a lack of synchronization, i.e. event occurs irreg-
ularly over time. Recorded events in high frequency data may be, e.g., how market
participants place their orders or every transaction with associated price, spread and
volume. Consequently, even short time series of intradaily data contain huge amounts

of data. They give much finer information of events at the market and how market
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participants are acting. The availability of high frequency data has had an important
impact on research of how the market mechanisms are working and may be modelled.
For example, economic questions like the role of information to stock market partici-
pants may be studied and modelled. The availability of high frequency data has also led
to the development of new econometric tools. For example, the feature of irregularly
spaced times between events has led to new econometric tools, e.g., for the modelling
of the time between transactions. For an overview of high frequency data, market mi-
crostructure and econometrics, see, e.g., Bauwens and Giot (2001) and Tsay (2002, ch.
5).

Paper [1], [2] and [4] in this thesis study trade durations. Trade durations are the
time between two consecutive transactions and a transaction is the agreement between a
buyer and seller of a volume of stocks at a given price. Paper [3] studies the information
content in the order book on future price changes using data from the Stockholm Stock

Exchange.

Trade durations

Trade durations correspond to the time between two consecutive transactions and a
transaction refers to a trade between a buyer and a seller of a volume of stocks at
a given price. Trade durations have played a central roll in market microstructure
research in recent decades. The time elapsed between transactions is thought to carry
information about the information flow to market participants. Relevant information
may be, e.g., related to the valuation of the stock. Consequently, trade durations
may be important for understanding the price process. The idea to study durations
originates from the information based model of Glosten and Milgrom (1985). In this
model traders are either informed or uninformed, with information varying with regard
to the value of the asset they trade. Uninformed traders mainly trade for liquidity
reasons, while informed traders act on their superior information on the value of the
asset. Diamond and Verrecchia (1987) show that short durations correspond to the
presence of bad news. Easley and O’Hara (1992) extend the model of Glosten and
Milgrom (1985) by highlighting the importance of time to distinguish between informed
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and uninformed traders. They stress that new information to market participants
leads to increased trade intensity, i.e. shorter durations between transactions. This
corresponds to an increased number of informed agents trying to exploit their new
information. The information may either be public or private. The public information
may, e.g., be news announcements from news agencies or press releases. The part
denoted private information may be not publicly released information, e.g., analysis

performed by influential investment banks.

News may not only be important for the particular stock it concerns it may also be
important for related stocks. For example, private information, discovered by increased
trade intensity in a stock may influence trading in related stocks, e.g., in the same
industry. If this is true we may find duration dependence between stocks. This feature
has rendered attention in the finance literature. Recent studies of dependence between
stock transaction series are, e.g., Bauwens and Hautsch (2004) and Spierdijk et al.
(2002) who found dependence between transaction series.

Paper [2] in this thesis examines the dependence between stocks in the banking
sector at the Stockholm Stock Exchange. The result shows that there is Granger
causality (Granger, 1969) between the stocks in the banking sector at the Stockholm
Stock Exchange, i.e. increased trade intensity in one of the stocks from the banking

sector influence trading in other stocks in the same sector.

News agencies distribute price driving information from stock market companies.
Companies are forced to release their price driving information publicly as the use of not
publicly released price driving information is prohibited in most countries, including
Sweden. Hence, news releases from news agencies may shorten durations. Several
studies have focused on the impact of news releases on price and volatility rather
than durations, e.g., Berry and Howe (1994), Ederington and Lee (1993), Mitchell and
Mulherin (1994), Bollerslev et al. (2000), Bauwens et al. (2005) and Kalev et al. (2004).
Their results show that news influence price and volatility. The potential link between
price and trade durations has also been studied by, e.g., Grammig and Wellner (2002),
Dufour and Engle (2000) and Engle (2000) who study the interdependence between
intradaily prices, price volatility and trade durations. Dufour and Engle (2000) find
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that as the time between transactions become shorter the speed of price adjustment
increases suggesting that an active market with short durations demonstrates presence
of informed traders. Accordingly, publicly released news announcements that contains
price driving information may not only reduce duration lengths but may also affect
prices. Paper [4] in this thesis deals with the impact of public news releases on durations,

i.e. how trade durations are affected by news releases from news agencies.

Autoregressive conditional duration model

For econometric modelling of the time between transactions standard econometric tools
may not be appropriate as transactions are irregularly spaced over time. An influential
suggestion of how to model the irregularly spaced times is due to Engle and Russell
(1998). Their autoregressive conditional duration (ACD) model explains the length
of the next duration by conditioning on the length of past durations and explanatory
variables. Several extensions and applications of the original ACD model have been

presented by, e.g., Engle and Lunde (2003) and Bauwens and Giot (2001).

A duration arises as the time between two consecutive transactions at ¢;_; and
t;, i.e. d; = t; —t;—1. The conditional expectation of a duration d; is specified as
E(d;|di-1,...,d1;x) = 0;. Here d;, is conditioned on past durations and other explana-
tory variables z, and 6; is specified in such a way that ¢; = d;/6; is independent and

identically distributed. The #; may be parameterized as

P q
0; =w+ Z ajdi—; + Zﬁjﬂiﬁ‘ + 7'z q.
j=1 J=1

Here, 6; is a function of p lagged durations and ¢ lags of conditional durations. This
is called an ACD(p,q,x), where p and ¢ are the orders of the lags in the mean function
and x; is a vector of explanatory variables such as volume, spread and price.

Engle and Russell (1998) popularized the quasi maximum likelihood (QML) es-
timator building on the exponential distribution for the estimation of the unknown

parameters of the ACD model. The estimator maximizes the log-likelihood function
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Int = —Z [meﬁ%} .

i
The estimator is widely used for estimating these types of models and, hence, an in-
creasing amount of empirical results builds on estimates from this estimator. The
estimator is consistent if the model for the conditional mean is correctly specified and
the duration is in the exponential family of distributions. A potential problem with the
estimator is with the empirical duration data often used in the estimation. The data
are discretized with a large fraction of short and zero durations, e.g., more than one
transaction occurring during one second. The discreteness of the recorded transaction
data is due to the second scale and data are hence integer-valued. As the distribution
underlying the QML estimator is continuous the discretness may negatively affect the
performance of the estimator. Kulldorff (1961, ch. 2) shows that inconsistency of the
maximum likelihood (ML) estimator may arise from, e.g., using mid-interval values to
represent the interval when data are discretized or grouped. In paper [1] the problem
is highlighted and estimators are proposed to account for the problem.

One of the prominent features of the results from the ACD model, e.g., from papers
[1],[2] and [4], is the quick response of, for example, price changes and changes of
traded volumes. The response takes place within seconds after events occur and fades
out quickly thereafter. The presence of automated trading at the Stockholm Stock
Exchange may be one explanation for this pattern. Trading rules programmed to react
to, e.g., price moves of more than a predetermined number of ticks, may influence the

characteristics of the trading behavior.

Limit order book

In order driven markets no market maker is involved in the trading process. Traders
directly enter their orders in an order book monitored by a computer. The order book
is visible to traders, private as well as institutional traders. Traders may enter two
types of orders, either a market order or a limit order. Limit orders is placed in queue

in the order book and is executed when they can be matched. The priority of limit
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order execution is determined by price and time of order placement, i.e. the stocks
with the lowest limit sell price are sold first and the stocks with the highest limit buy
price are bought first. Market orders are, on the other hand, executed immediately to
the best bid or ask price. For example, the publicly visible limit order book for a stock
listed on the SSE shows the first five levels on the bid and ask side, respectively. This
is illustrated in Figure 1 where PZ and P are the prices on the bid- (demand) and

ask- (supply) side of an arbitrary order book for the levels ¢ = 1,2...5. The bid- and

ask-volumes contained at level 7 are denoted Qf and Q3.

Bid-side Ask-side
Volume (Demand) Midprice (Supply)
Low end ‘ High end
\ \ \ \ !
. 1 | | |
\ Q, N | o | |
} d Qz} d Qi} s s ‘
| q Qs Q1 ‘ Qz s Q4 }
}QS ‘ Q3 s |
‘ Q! Price
d d d d d s s s s s
A R° R P PP

Figure 1: Hlustration of the limit orderbook.

In the theoretical literature of limit order books the assumption is that informed
traders always use market orders instead of using limit orders, e.g., Glosten (1994),
Rock (1996) and Seppi (1997). Accordingly, there should be limited information of
observing offered quantities of a share at other prices than the best bid- or ask-price,
i.e. at the high and low end of the order book. However, recent papers of Cao et al.
(2004) and Bloomfield et al. (2005) find evidence of information also in the order book
beyond the first levels. Cao et al. (2004) introduce measures capturing the shape of
the order book, e.g., if the order book is asymmetric, i.e. if there is more value on
the bid- (ask-) side relative to the ask- (bid-) side. The measure is used to study if
the asymmetry of the order book is informative regarding future price movements. The

findings are that the order book contains information regarding future price movements



8 Introduction and Summary

using intradaily data with 5 minutes aggregation level. Further, Foucault (1999) argues
that an increase in asset volatility increases the proportion of limit order traders and
the limit order traders have to post higher ask prices and lower bid prices, i.e. market
depth increase.

In paper [3] of this thesis the purpose is to empirically study the information con-
tained in the open limit order book about future short-run stock price movements. To
assess the information contained in the order book the paper presents new measures
and extensions of existent measures. A new measure capturing the market depth dis-
cussed in Foucault (1999) is presented. We find the appropriate aggregation level to
be 1 minute in contrary to Cao et al. (2004), who use 5 and 10 minutes aggregation

levels.

Summary of the papers

Paper [I] Discretized Time and Conditional Duration Modelling for Stock

Transaction Data

The paper considers conditional duration models in which durations are in continuous
time but measured in grouped or discretized form. This feature of recorded durations
in combination with a frequently traded stock is expected to negatively influence the
performance of conventional estimators for intraday duration models. Estimators that
account for the discreteness are discussed and compared in a Monte Carlo experiment,
e.g., grouped maximum likelihood and EM-algorithm. In the small Monte Carlo study
the EM-algorithm that accounts for the discrete nature of the data both in the outcome
and the lagged explanatory variables comes out as the best estimator of the compared
ones.

In the empirical part of the paper the differences between estimators are generally
quite small and the EM-algorithm and ML estimators based on discrete data are not
too different from ML based on grouped data and Weibull and Burr models. When
it comes to the effects of explanatory variables the study provides support for the use

of changes rather than levels to reflect news. There is throughout a significant and
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positive effect of news about prices and a negative effect of a change in the spread.
The spread effect is, however, not significant. A higher volume has an insignificant but
prolonging effect in most cases. We could not find statistically significant support for an
asymmetric response to news about spreads nor about prices. A contributory cause of
the quick response after changes in the explanatory variables may be the computerized
trading at the stock market. The log-likelihood function value of the Burr is larger
than for other models but the models are not nested. In addition, the serial correlation
properties of the exponential and Weibull models speak in favor of these two models. A
generalized gamma was also employed and provided a better fit to the data than both

the exponential and Weibull models.

Paper [2] An Empirical Model for Durations in Stocks

This paper considers an extension of the univariate autoregressive conditional duration
model to which durations from a second stock are added. By including durations from a
second stock dependence between duration series is captured in the model. For example,
Figure 2 illustrates the dependence from stock 2 to stock 1. Completed durations are
added from stock 2, d?\,g ) to stock 1, and the completed durations from stock 2 are
given weights dependent on the size of 71, i.e. depending on how far away in time the

completed durations are.

The model is empirically used to study duration dependence in four traded stocks,
Nordea, Foreningssparbanken, Handelsbanken and SEB A on the Stockholm Stock
Exchange. The stocks are all in the banking sector. In the empirical part we find
Granger causality between all the stocks. This result indicates that there may be
duration dependence between stocks active in the banking sector on the Stockholm
Stock Exchange. The dependence may be caused by new information revealed by the
trade intensity. In view of this empirical result the suggested model extension is able
to capture dependence between duration series and to provide an improvement of the

econometric specification of the model.
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Figure 2: Hlustration of two stocks, stock 1 and stock 2, with transaction times ¢ and
durations d. 71 is the observed length of the most recent duration in stock 2 at time

1
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Paper [3] Does the Open Limit Order Book Reveal Information About

Short-run Stock Price Movements?

The purpose of this paper is to empirically study the information contained in the open
limit order book about future short-run stock price movements. Specifically, attention is
paid to whether changes or asymmetries in the order book concerning offered quantities
of a share at prices below the best bid price (low end of the order book) and above the
best ask price (high end of the order book) are informative. To assess the information
contained in the order book the paper presents new measures as well as extensions to
existing measures summarizing order book movements.

To account for the discrete nature of price changes, the integer-valued autoregressive
model (e.g., McKenzie, 1985, 1986, Al-Osh and Alzaid, 1987) is utilized to model the
discrete nature of high frequency stock price data.

The empirical results reveal that measures capturing offered quantities of a share
at the best bid- and ask-price reveal more information about future short-run price

movements than measures capturing the quantities offered at prices below and above.
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However, imbalance and changes in offered quantities at prices below and above the
best bid- and ask-price do have a small and significant effect on future price changes.
The results also indicate that the value of order book information is short-term. This
can be compared to Cao et al. (2004) who found informational value of the higher
levels of the order book at an aggregation level of 5 and 10 minutes. The effects in this
paper are most apparent at a low aggregation level (1 minute) while estimation results

for higher aggregation levels (2, 5 and 10 minutes) show mostly insignificantly results.

Paper [4] The Impact of News Releases on Trade Durations in Stocks -

Empirical Evidence from Sweden

This paper examines empirically the short-run impact of public news announcements on
trade durations in stocks traded on the Stockholm Stock Exchange in Sweden. Econo-
metrically, the impact is studied within an autoregressive conditional duration model
using intradaily data for six stocks. The news are categorized into four groups and
added as explanatory variables to the model. The news categories are Company /Sector,
EU macro, Swedish macro and US macro news. The news categories are added to the
model through a dummy variable structure that captures the impact before, during
and after the news.

The empirical results reveal that news reduces the duration lengths before, during
and after news releases. For example, Company /Sector related news shortens durations
by 20 to 40 percent. The cause of reduced durations before the actual news releases
may originate from anticipated news releases, while the significant result of the impact
during and after the news release may be due to both anticipated and unanticipated
news events. The result supports the predictions in the theoretical literature of shorter

durations in connection to news.
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1. Introduction

This paper considers the discrete nature of empirical duration data obtained from electronic
trading systems. The output from such a system typically records transactions to prevailing
second and for frequently traded stocks the resulting durations then contain a large fraction of
zeros and very short durations. We take a continuous underlying duration density to be
discretized and study the consequences of this discretization econometrically. A second

objective of the paper is to give empirical evidence on the reaction to news in a specific stock.

The initial argument for studying time in the market microstructure literature is due to Glosten
and Milgrom (1985). In their information based model there are informed and uninformed
traders. The Easley and O'Hara (1992) extension highlights the importance of time in
distinguishing between the two types of traders. No trading, i.e. long durations, means that
there is no available information (uninformed trading), while short durations indicate new
information (informed trading). In addition, short durations are associated with small price
volatility. Recently, Chiang and Wang (2004) confirmed that price volatility is related to
durations and to duration related variables. For the modelling of durations, Engle and Russell
(1998) suggest conditional duration models for high frequency or intra-day time series data.
Among the questions of interest in this field is the reaction to news as reflected, e.g., by

indicators of recent transactions.

Engle and Russell (1998) emphasize the appealing properties of the quasi-maximum
likelihood (QML) estimator based on the exponential duration model. An increasing amount
of empirical research builds on this QML estimator (e.g., Bauwens and Giot, 2001). When the
data are available in only a discretized form the QML estimator looses some of its appeal. In
essence, the consistency property of this estimator requires a correct conditional mean
specification and when data is discretized it is much harder to correctly specify the
conditional mean as it then depends on a true but unknown density. Kulldorff (1961, ch. 2)
shows in a time invariant case the inconsistency of the maximum likelihood (ML) estimator
arising from, e.g., using mid-interval values to represent the interval when data are discretized
or grouped. He also demonstrates that discretization and the use of mid-interval values have
more serious effects on the performance of ML estimators when the sample records durations
to belonging to only a few and wide groups or intervals. For frequently traded stocks the

number of groups is small and the width is small. We then expect the inconsistency to remain,
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but the actual performance of the ML or QML estimators that neglect the discreteness may
remain relatively advantageous. The inconsistency remains when the model contains
explanatory variables. In addition, if the true duration is viewed as continuous but only
discrete time observations are available, any specification containing lagged durations is

contaminated by a measurement error in a way to be made clear below.

In this paper we consider estimators that to some extent account for the outlined features of
the data. Grouped data ML estimators and EM-algorithm versions are among the studied
estimators. We conduct a small Monte Carlo study focusing on the consequences of the
various specification choices and the chosen estimators. Empirical results for a three-week
period of transaction durations in Ericsson B at the order driven Stockholmsboérsen stock
exchange in Stockholm are also reported. Of particular interest, beyond the focus on
estimators, is here the reaction to news and whether the responses to positive or negative news
are different. We use past price, spread and volume as indicators of new information to the

market.

In Section 2 we discuss the model and discuss the ML and EM-algorithm estimators for
discretized duration data. Section 3 reports the results from a set of Monte Carlo experiments
conducted to study the consequences of the alternative ways of handling the discretized data.

Section 4 reports the empirical results and the final section concludes.

2. Model and Estimators

Let the tth continuous duration be denoted by D,. The duration arises as a difference between

two real transaction times, 1, indexed by t; and 4.1, i.e. D; = 7; - T+.;. When transactions are
recorded at a second-level scale, the observed duration measure d; = [t4] — [Ts_1 ], where [.]
signifies integer-value, is in seconds and hence integer-valued.' For a frequently traded stock
the durations are on average short and then d, will take on one value from a set
{0,1,2,...,M,}, where max{M,}", is a relatively small number and T is the length of the

time series sequence of consecutive durations.

! An alternative d; = [T; — T4_1] is of interest if there is direct access to the primary data source. We believe
this to be the less likely alternative, and abstain from giving detailed results for this case. The required changes
to the given results are rather straightforward.
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Figure 1 illustrates how the transaction times, 7,, the continuous durations, D,, and the

to

discretized durations, d,, are related. Note that, except for d, =0, the d,-values represent

mid-interval values. For d, = 0 the mid-interval value is 0.5.

Given an assumption about the continuous and conditional distribution of D, and given
values in the set A, | = {Dl,Dz,...,DH} it is straightforward to obtain the probability for d,
equal to some integer k given A, , as

Pr(d, =0|A, )= Pr(D, €[0,1]|A,,)
= Pr(D, <1|A,_,)

Pr(d, =k|A, ) =Pr(D, e (k-1 k+1]|A, )
=Pr(D, <k +1|A, )-Pr(D, <k-1|A,), k=1

(1)

with Pr(D, <0]A,,)=0.

7 -
oo
6 - T j Duration in the (0,2] interval of D,,,, discrete measure d,,,= 1
7777777 o
fopn) 5 b
% Duration in the (1,3] interval of D,,,, discrete measure d,,; = 2
=
47
c T
] e
§ Duration in the (1,3] interval of D,,,, discrete measure d,,,= 2
—
21
Duration in the (0,2] interval of D,,,, discrete measure d,,,; = 1
19%
Tlijuration in the (0,1] interval of D,, discrete measure d,= 0
O m

Figure 1: Examples of potential transaction times t; and the registered duration variable d,

with the intervals of the underlying continuous duration variable D;,.

In the sequel of this and the next section we only consider the conditional exponential

duration model, but any other reasonable duration distribution could have been considered
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instead. By focusing on the exponential model the technical aspects are kept simpler than for
most other models, and the main ideas remain unaltered. For the exponential conditional

duration model with conditional mean E(D,|A,_)=6, >0 and conditional variance
V(D, | A, ) =6’ we get explicit expressions for the probabilities as

Pr(d, =0|A,_)=1-¢""

(2)
Pr(d, =k|A,_ )= "0k =1,2,...,M,.

Since we can write D, =6, ¢,, with &, exponentially distributed with parameter one, we obtain

[

the conditional expectation of D, given d, =k as

1
ED,|d =0,A, )=60]1-—— ——
( z| t 1) |: Gt(el/g’ _1):|
E(D,|d, =k, )= 0,E| &, 2, | =1 KX 3)
g, 6
el (k-1)—e " (k+1)
=0 + 70,178 , fork=1.

It may be shown that E(D, |d, =k,A, )<k for k>1 and that E(D, |d, =0,A, )<, ie.
under the exponential distribution assumption these conditional expectations are smaller than

or equal to their corresponding mid-interval values. Equality arises only when 8, — .

In the conventional continuous duration framework advanced by Engle and Russell (1998) the
0, function is of the type:
0=ay+aD, +..+a,D,_,+p06, +..0,0_ ,+Xmn

=V,

4)

where X, is a vector of predetermined variables containing, e.g., past prices. Setting
&, =D, -6, in (4) enables us to rewrite the model on the alternative form
D, =a,+(a,+p)D,  +...(a, + B)D,_, + f,.,\D,
+é:t _ﬂléz—l _"'_ﬂp‘ft—p X, fOI‘p 2q.

This is an ARMAX model in the continuous exponential duration variable. Obviously, other

gt tB,D,

()

specifications are also feasible (e.g., Bauwens and Giot, 2001, ch. 3).

2.1 Estimators

We first consider estimation that accounts for the discreteness in the conditional variable d,
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to be explained. Later we extend the estimation setup by also considering the discreteness in

the lagged durations that serve as explanatory variables in the 6, function.

Under an exponential distribution assumption for the conditional D, variable the log-

likelihood function for its discrete (grouped data) corresponding d, variable takes the form
T
InL=YS In(e D0 _ g 4oy (6)
where » =max(p,q)+1 and 7, =0, for d, =0, and 7, =1, for d, >1. The associated score
vector can be expressed
T

oL _ Z z, n.(d, - 1)e*nz(dfl)(2z\v)’1 —(d, + 1)ef(d,+l)(z,\y)*1
a‘l’ —r (Zt\|l)2 e—m(d,—l)(z ) e—(dt‘*'l)(zz\ll)_l '

For (4)-(5) lagged continuous D, .,i=1,...,q, variables are assumed observed. Obviously, if

t—i’

durations are measured in discrete form, d, ; rather than D, ; is observed. As a consequence

i

there are measurement errors. The ML estimator based on (6) is consistent and asymptotically

normal when o, =a,=...=a,=0 (no measurement errors as d, ;,i=1,...,q, are not
included in 6,) and the f,,..., 8, parameters are such that the {D,} sequence is stationary. If

there is, at least, one o, #0 the ML estimator is inconsistent. An early proof of the

asymptotic results for a scalar case is due to Kulldorff (1961), who also studied the loss in
efficiency that results from discretizing the time scale. Engle and Russell (1998) consider the
case of explanatory variables, continuous durations and the QML estimator. Given a correctly
specified stationary model they show the QML estimator to be consistent and asymptotically

normal.

Obviously, other duration densities such as Weibull or log-logistic can also be applied. In the
absence of strong a priori arguments for a particular model one avenue would be to specify an
even wider class of densities such as the generalized gamma. The Appendix gives expressions

for the Weibull and Burr models, which also are used in the empirical study below.

Consider as a simple example of the inconsistency an underlying exponentially distributed

variable and observations falling into either of only two intervals [0,1] and (I,c0) with the

indicator variable d, =1 for the latter interval. Let 8, = aD, | in the true case and 6, = ad, ,
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in the assumed case. The score for the assumed model is

T

ohl _ 3 dy— eI
oa azdl_l[l _e*l/(adz—l)]’

t=2

with d, =0 or d,=1. As E(d,|A,_)=Pr(d, =1|A,_,)=exp[-1/(aD, )], a first order expansion

A
of the score dInL/0a around the true parameter value and manipulation shows that the bias

depends on D, , —d, . As this difference can be expected to be larger than zero, the ML

A\
estimator & can be expected to be too large.

The EM-algorithm (Dempster, Laird and Rubin, 1987) provides a general framework for
dealing with aspects of the limited information in the {d,} sequence that we have in this case.
If we take the lagged d, , variables as is and focus only on the grouped d, indicator, we can

easily extend the constant parameter and grouped exponential model of Little and Rubin

(1987, ch. 11). The M-step maximizes the conditional expectation of the log-likelihood

~

function for D given d with respect to v, ie.

t t

O(y,§) = E_[InL(D)|d, A]= zf,[— Inzy—-E_(D,| dt,A,_l)/zt\p} . The required conditional
v v

expectation is given in (3) and should be evaluated at VY (the E-step). The E and M steps are

iterated until convergence. Note that the M-step uses the continuous exponential variable log-

likelihood function and should therefore be computationally straightforward. The score vector
is 00/ oy = Zf,z;[E~ (D, |d,,A ) - Zt\u} I(z,v¥) and the Hessian is
v

o’Qloyoy =312,z /(z,¥)*.

Consider next an EM-algorithm that attempts to account also for the presence of d, ; when
the true D, ; would have been preferred in 6,. Little and Rubin (1987, ch. 8) consider a

problem of missing observations in a Gaussian AR(1) model, but there appears to be no
reported research on the type of problem we have in mind. Recall that the density is a

conditional one so that conditioning on past d, ; and not on future d,, ; appears reasonable.
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Then Q(w,xrf):zf_{—EN(lnzm¢,4_1>—E~<Dt/z,w|d,,4_l)}, where d, = (dy,....d,).
4 v

This expression is a difficult one to use as it involves taking expectations of past D, , with
respect to more recent d,, because it involves nonlinearities, and because different time

periods are interwoven in the final expectation expression. Therefore, no attempt is made at

obtaining an exact EM-algorithm in this paper.

An ad hoc EM-algorithm could use E_(D, |d,,4 ) to replace d, for all ¢ in an E-step and
v

hence also in the z, vector. For the M-step the continuous exponential distribution is

employed. The performance of this estimator is studied by Monte Carlo simulation in the next

section and is also used empirically.

The simulated maximum likelihood (SML) estimator (Gourieroux and Monfort, 1991) offers
an interesting approach to coping with the discreteness of the data. Unfortunately, the results
of Cappé¢ et al. (2002) suggest that the SML estimator may be a very time demanding exercise
as the number of replications should increase with the number of observations. For high
frequency data the sample size is usually large. Note also that the current context differs from

the dynamic limited dependent variable model considered by, e.g., Lee (1997).

An obvious way of attempting to avoid the bias arising from measurement errors in lagged

variables would be to specify the joint distribution of {A,} . It would then be possible to avoid

the measurement error problem by accounting for the discretization for all #. Unfortunately,
such modelling would also be subject to even larger risks of distributional misspecification as
multivariate distributions can come in many alternative shapes. Computationally it is
potentially a difficult problem. Closely related to this idea and more directly focusing on the
discrete data would be a direct specification of an inhomogeneous Markov chain with

transition probabilities depending, e.g., on X, .

The geometric distribution is the discrete time equivalent of the exponential distribution and
with a conditional interpretation the lagged d, , presents no problem. When data is genuinely

continuous this distribution can at most be regarded as an approximation. It can be

demonstrated that the ML estimator is biased and inconsistent when data is generated
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according to a continuous exponential model.

3. Monte Carlo Study

In this section we study the properties of the estimators when data are artificially generated

according to conditional exponential and Weibull models.

We specity the conditional mean function that is used in generating the underlying D, data as
0, =ao0+a1Dr1+B10,.

Engle and Russell (1998) give the following moment results for the exponential model
%o
1 -0 — ﬂl

1-p8%2-2a
V(D,) = 2ﬂ1 1A —~ x EX(D)).
1 =B =2a,1p1 - 2a;

E(Dt) =

The parameters should satisfy 2a; + 37 +2a,f, <1 and a+ B <1. For Weibull distributed

durations we employ standardization to obtain the mean and variance of the exponential

model, cf. the Appendix.

The study uses o, =0.2, 0.3 and 0.4, £, =0.15, 0.2 and 0.25, and «, =2.5, 5 and 10, to
give mean durations in the range 3.8 —28.6 seconds with variances in the range 4.2 -50.5.
For the Weibull model we use y =0.8, which corresponds to negative duration dependence.
The time series length is set at 7 =5000 and 50 000. The 7 =5 000 case corresponds to a
short time series length for frequently traded stocks, and 7 =50 000 is used only for the
shortest durations (¢, =2.5) and exponential data. In each design cell 1000 replications are
generated starting from the same initial seed. In generating the series an initial part of 100

observations is dropped. Data are next discretized in accordance with the discussion in

Section 2.

The following model variants and estimation algorithms are used: (i) The continuous time
exponential model (based on f(D)=60"exp(~DA™") and indicated by C) serves as a base
case and is estimated by ML and a scoring algorithm. All other data sets are based on discrete

duration {d,} sequences. (i) The same ML algorithm as in (i) is used with discrete data
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(indicated by D). Note that for d, =0 we use d, =0.5 so that all d, can be interpreted as
mid-interval values. (iii) The grouped data ML estimator (based on (6)) with d, | in the 6,
function is estimated by a BHHH algorithm (indicated by G); (iv) The EM-algorithm with D,
replacing D, for all ¢ is estimated by alternating between a ML and an E-step (based on

f(D) and expectations in (3), and indicated by EM). Hence, even if data is generated as

Weibull distributed the employed density underlying the estimators is throughout the
exponential. Note that all estimators are conditional ones, as estimation is throughout
conditional on initial observations. The number of iterations is limited to 100 and true
parameter values are used to initialize iterations. All computations are performed using

Fortran code on a 1.9 GHz Laptop.

Bias (a,) Bias
1
0.020 - (B,
0.000 { —— — — . -
I I e e e 0.015 A
- B o
0.002 yacs
00044 0.010 { -
0006 { -
-0.008 { ¥ 00051 N
-0.010 | 0.000
-0.012 1
-0.005 1
-0.014 1
-0.016 T T T T T T T T » -0.010 . . . . . . . . .
3 6 9 12 15 18 21 24 27 30 3 6 9 12 15 18 21 24 27 30
Mean Duration Mean Duration

Figure 2: Biases for the estimators of a; and 3; (7= 5 000 and 1 000 replications; Solid line
indicates continuous duration ML estimator (C), dotted line discrete data with the continuous
duration ML estimator (D), dashed line indicates the grouped data ML estimator (G) and the
dot-dashed line the EM-algorithm (EM)).

The biases of the estimators of «, and p, are displayed in Figure 2 for 7=5000 and
exponential data. It is quite obvious from the patterns for both parameters that the ML
estimator based on continuous data has small bias. All other estimators are based on
discretized data and manifest some bias for short durations, while bias is much smaller for
longer durations. The largest bias for «, =0.2 and the shortest duration of 3.8 seconds is
noted for the grouped data ML estimator and amounts to 6 percent. For the EM-algorithm the

corresponding bias is less than 3 percent. For both parameters there is a clear-cut ranking of
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the estimators, in particular for the short mean durations. The biases of the EM-algorithm are
smaller than the biases of the discretized data ML and grouped data ML estimators. It appears
that the grouped data ML estimator has the weakest performance. As the EM-algorithm in this
particular case also is rather fast to calculate it is our tentative choice of a best estimator. The
results for 7 =50000 reiterate the main conclusions derived from Figure 2. It is quite
apparent that all estimators but the continuous data ML estimator (C) have a bias and that the
EM-algorithm comes out as the least biased estimator for discretized data. For Weibull data

the internal ranking between estimators remain relatively unaltered.

MSE(a.,) MSE(B,)

0.00065 - 0.006 H

0.00060 - 0.005 1 \ N

0.00055 -
0.004 -
0.00050 -

0.00045 - 0.003

0.00040 { ~f=4— 0.002

0.00035 -

0.001 H
0.00030 -

0.000

0.00025 ; ; T . . . . : : ; ; ; ; . . . . :
3 6 9 12 15 18 21 24 27 30 3 6 9 12 15 18 21 24 27 30

Mean Duration Mean Duration

Figure 3: MSEs for the estimators of a; and B; (7= 5 000 and 1 000 replications; Solid line
indicates continuous duration ML estimator (C), dotted line discrete data with the continuous
duration ML estimator (D), dashed line indicates the grouped data ML estimator (G) and the
dot-dashed line the EM-algorithm (EM)).

The MSE results of the ¢, and f, estimators are exhibited in Figure 3 for 7 =5 000 and the
exponential data. When it comes to the MSEs for S, the most apparent feature is their
striking similarity across mean durations. For this parameter the MSE is then completely
dominated by the variance component. For ¢, there is some variation for short durations and
for the long ones. The MSE of the EM-algorithm is not much different from those of the
continuous duration ML estimator based on discretized data and the grouped data ML
estimator. Among the latter two, the grouped data ML estimator has the weaker performance
for short mean durations. For 7 =50 000 there is an expected drop in MSEs due to sample
size, but the ranking between estimators remains unaltered. As expected the MSEs of the base

case ML estimator for the exponential model (C) are the smallest in most cases, and also for

the Weibull generated data.
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In summary, among the estimators accounting for discretized data model the EM-algorithm is
the preferred estimator in terms of bias. With respect to MSE it is not worse than the two
competitors, though differences are quite small. No estimator manages to completely avoid

bias for short mean durations.

4, Empirical Results

4.1 Data and Descriptives

Empirical results are reported for 15 days of trading (July 2, 2002 - July 22, 2002) in Ericsson
B at the order driven Stockholmsborsen stock exchange in Stockholm. The data were
downloaded from the Ecovision system and processed further by the authors. The number of
observed durations or the time series length is, after some reduction due to day changes,
57735. On average there are 3 849 durations per day. Figure 4 gives a histogram of the
durations. The estimated average of the integer-valued duration is 7.4 seconds with a standard
deviation of 11.2 seconds. The average varies between 2.9 to 13.5 seconds over the 15 days.
About 79 percent of the durations are 10 seconds or shorter and the longest duration is 403
seconds. There appears to be a weak increase in average duration over the day so that trading
is slightly less frequent towards the end of the trading day. However, there appears to be no

strong reasons for deseasonalizing the series as done in some previous studies.

10000 -
8000 1
6000 - [

4000 -

Absolute Frequencies

2000 4

0 10 20 30 40 50

Seconds

Figure 4: Histogram of discrete durations d; (T = 57 735, the one percent of durations

exceeding 50 seconds is excluded).
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To give an indication of the trading volume, the number of traded stocks during the first day
of the sample period is 12 596 496 with a closing price of 14.90 SEK. The trading volume in
the major summer vacation month of July is usually smaller than during other months. Figure
5 gives the autocorrelation function for the time series of successive durations. The
autocorrelations are quite small but the function decreases only slowly. Note that all
autocorrelations are positive. The partial autocorrelations decrease rather quickly and are
approximately zero after 5-6 lags. The patterns of Figure 5 and the partial autocorrelation
function indicate that the model should be able to capture low order both autoregressive and

moving average effects.

0.16 1

0.14
0.12
0.10 -

0.08 - Series

0.06 -
0.04 -
0.02 + Residual

0.00 { — "% ——=—=~ — =
-0.02 +
-0.04 ~
-0.06 -

Autocorrelations

0 10 20 30 40 50 60 70 80 90 100
Lag

Figure 5: Autocorrelation function for durations d, and residuals (calculated as (d,-@t)/é,)

from the exponential model.

For a pure time series analytical approach (i.e. #=0 in (4)) a reasonable starting point is to

search for a model with p <3 and ¢ <3. In addition, in the final models we include as
explanatory variables the price (mean 14.61, standard deviation 1.90), the spread (0.10, 0.02)

and the number of traded stocks (2134.5, 1.48-10°) ending the previous duration. Including
the first two variables as changes instead of as levels was rendered empirical support, see

below. For example, the price part of the model, n,p, |, + n,p, ,, was used and empirically we

found 7 ~—7,. This suggests the use of a restricted n(p, , — p, ,) =nVp, , specification,

1.e. in terms of a change.
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4.2  Estimation Results

To estimate the parameters we assume three parametric density specifications that have been
used previously - the exponential, the Weibull and the Burr (see the Appendix for a brief
account of the latter two distributions). The Weibull contains the exponential model as a
special case. These two densities were also included in the Monte Carlo study of the previous
section. The Burr model is more flexible than Weibull in that it has more parameters and then
a more flexible hazard function. The Burr model does not nest neither the exponential nor the
Weibull models, so that straightforward use of, e.g., likelihood ratio tests for model selection

is ruled out. We employ two versions of the EM-algorithm for the exponential model.

The continuous exponential model served as a tool for determining the model specification.”

The best model has R* =0.1. There is some remaining serial correlation in all models to be
reported and this could not be eliminated, cf. Figure 5 for the autocorrelation function
corresponding to column one of Table 1.> Note that no serial correlations are determined for
the discretized models. No serial correlation remains in the squared residuals, except for in the
Burr model and for the model of the final column of Table 1. Individual correlations are,
however, quite small and the Ljung-Box statistic is obviously influenced by the large sample

size.

The estimation results are presented in Tables 1-3. The parameter estimates are throughout
almost exclusively of the same sign, roughly of similar sizes and when significant this
happens across models and estimators. Note that there are more lags in these models than in

most previous models.

Table 1 reports results based on an assumed, continuous variable exponential model. It is
found that the estimated models of this table (and other tables) satisfy the stationarity

condition on the o and [ parameters, albeit with a rather narrow margin. Initially,
alternative lag structures (different p and g values) were tried. Table 1 also reports on how

explanatory variables should be included. There is strong support throughout for utilizing

% In this case and whenever continuous variable methods are employed 0 is replaced by 0.5 seconds to reflect
mid-interval-value in the same way as for longer durations.

3 The residual is defined as 7, = (d, — E(D, | A,_,)/V"*(D, | A,_,), where E(.) and V(.) are different

for the different distributions. The squared residual is rtz .
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change variables for the price and spread. If, e.g., the price follows a random walk the change

corresponds to the innovation or the unpredicted new information over the previous duration.

A positive price change leads to a longer duration. The effect of the spread change is negative

but not significant. A higher trading volume prolongs the next duration but not significantly

so. The final column suggests that separate inclusion of v, ; and v, , is preferable judging by

the log-likelihood values. However, the serial correlation properties speak against this

specification. The change variables will be retained in all further model estimations.

Table 1: Maximum likelihood estimates for alternative specifications of the continuous

exponential model.

Variable Coeff s.e. Coeff s.e. Coeff s.e. Coeff s.e.
di 0.0378  0.0029 0.0381 0.0029 0.0408  0.0030 0.0356 0.0030
0,_, 0.8962  0.0603 0.9162 0.0756 0.8712  0.0524 0.9905 0.0149
0., -0.2634  0.0803 -0.3072 0.0966 -0.3350  0.0697 -0.3120 0.0185
0, 0.3282  0.0564 0.3506 0.0645 0.4818  0.0041 0.2834 0.0275
Price change 2.8274  0.3564 - 3.1143  0.3419 1.6284 0.2899
P - 0.4985 0.0090 - --
P, - -0.4954 1.3161 -- --
Spread change -1.7938  1.1494 -0.8952 0.8908 - 1.0475 1.0689
S, - - -1.0680  0.8481 -
S,y - - 1.2123 13161 -
Volume 0.6266  2.6438 -0.7224 1.1746 0.8041  1.1797 -
v, - - - 0.6973 0.0048
v, - - - -0.6945 1.3161
Constant 0.0103  0.0354 -0.0250 0.1116 -0.0038  0.0935 0.0066 0.0531
LB, 2354 233.1 234.9 382.5
LB 1200 6.7 6.2 6.7 828.6
InL -165860 -165860 -165859 -165743

Notes: Volume pertains to the previous transaction, while v, is the accumulated (within the day) trading volume.
Both are throughout devided by 10 000 000. LB, is the Ljung-Box statistic of the standardized residual over 100

lags. LB 1200 is the same statistic for squared residuals.
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In Table 2 a comparison within the exponential model of using continuous or grouped data is
reported. There are no substantial differences between the ML estimators based on the two
data types. The two versions of the EM-algorithm are quite similar, too. Given this result,
arguments supportive of the conventional QML estimator are strengthened even if data are

discretized.

Table 2: Maximum likelihood estimates for alternative specifications of the continuous

exponential model.

ML-Continuous ML-Grouped EM-Grouped EM-full
Variable Coeff s.e. Coeff s.e. Coeff s.e. Coeff s.e.
di 0.0378  0.0029 0.0380  0.0029 0.0379  0.0029 0.0403  0.0029
O 0.8962  0.0603 09172 0.0548 0.8800  0.0532 0.8841 0.0530
012 -0.2634  0.0803 -0.3036  0.0742 -0.2681  0.0712 -0.2693  0.0704
03 0.3282  0.0564 0.3473  0.0522 0.3492  0.0507 0.3337  0.0496
Price change 2.8274  0.3564 29936  0.3350 3.1907  0.3330 3.1266  0.3303
Spread change -1.7938  1.1494 -3.0104  1.0554 -2.9918  1.0574 -1.4293  1.0879
Volume 0.6266  2.6438 0.8230  2.5724 0.9936  2.5879 0.7678  2.5562
Constant 0.0103  0.0354 0.0092  0.0317 0.0078  0.0311 0.0096 0.0314
LB 2354 - -- --
LB 1200 67 - - a
InL -165860 -131050 -165096 -165105

Notes: Volume pertains to the previous transaction, while v, is the accumulated (within the day) trading volume.
Both are throughout devided by 10 000 000. LBy, is the Ljung-Box statistic of the standardized residual over

100 lags. LB 1200 is the same statistic for squared residuals.

Table 3 studies this issue further; if the QML is to be useful we would expect no large
changes in parameter estimates even if the exponential model is not the 'true' one. The
qualitative conclusions correspond to those of the exponential model, though sizes of

estimates are slightly different. The exponential model is nested within the Weibull model and

the exponential can be rejected against the Weibull model (7 is significantly smaller than
one). The Weibull model is not nested within the more general Burr model, though the ¥ and

A estimates of the latter model may indicate that the shape of the Weibull hazard is not

supported by data. The Weibull duration dependence parameter y is significantly smaller
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than one, which implies a decreasing hazard function and that the exponential model can be

rejected. In a similar way the form of the Burr hazard function is an indication against the

exponential model.

Table 3: Maximum likelihood estimates for alternative model specifications.

Weibull Burr
Continuous Grouped Continuous Grouped
Variable Coeff s.c. Coeff s.c. Coeff s.e. Coeff s.e.
d 0.0393  0.0425 0.0437  0.0042 0.0386 0.0033 0.0418 0.0042
0, 0.8875  0.0678 0.7792  0.0698 0.9994 0.0629 0.9990 0.0771
0,2 -0.2967  0.0979  -0.2748  0.0860 -0.5001 0.0848  -0.5159 0.1045
0,3 0.3663  0.0629 0.4455  0.0631 0.4434 0.0589 0.4679 0.0709
Price change 3.0200  0.4241 3.1342  0.4640 2.9754 0.4057 2.5722 0.4725
Spread change -1.2306 13314  -1.1535 1.4182 -0.7020 1.0991  -0.5374 1.3905
Volume 0.6712  3.0271 0.2148  3.3013 -0.9633 2.2659  -0.0063 3.1934
Constant 0.0132  0.0425 0.0045  0.0470 0.0286 0.0405 0.0044 0.0426
Y 0.9130  0.0023 0.8054  0.0005 1.1263 0.0019 0.8286 0.0044
A -- - 0.3600 0.0083 0.0350 0.0032
LB 229.7 -- 201.3 --
LB 1200 7.1 -- 240.9 --
InL -165409 -129178 -164497 -129152
Note: See Table 3 for explanations.
0.50 1
0.45
0.40 -
c
S 035 1
[8)
S 0.30 -
L
T 0.25
©
3 0.20 Life table
T
0.15 A
0.10 A
0.05 -+ - T T T :
0 5 10 15 20

Duration (s)

Figure 6: Hazard functions based on grouped ML estimates of Table 4 and evaluated at the

sample mean of the duration variable, and a life table estimated hazard function.
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Figure 6 shows the Burr and Weibull hazard functions, when @ is replaced by the sample

mean and estimates from Table 3 are used for ¥ and A. The hazard functions are hardly

distinguishable and decrease rapidly within the first second, but are roughly constant
thereafter. Hence, these hazards differ the most from the life table estimate in the (0,1)
interval and discrimination between the two parametric models would obviously be much

strengthened if short and continuous duration data in the (0,1) interval were available.

We also studied whether the response to news is symmetric in the sense that positive and

negative news affect subsequent durations in the same way. The potentially asymmetric

response to news (the variables are constructed as Vx, =max(0,Vx,) and

Vx, =min(0,Vx,)) is studied in terms of the price and spread changes within the framework

of the grouped data Weibull and Burr models. By likelihood ratio tests we find no evidence of
asymmetric response to price changes and the two estimates for positive and negative changes
are quite similar. There are different responses to spread changes depending on their signs,
but not significantly so. Individually neither of the spread change effects appear to have a

significant effect.

5. Conclusions

The paper has discussed the discrete nature of duration measures between transactions in

stocks and studied the consequences of this discretization of a continuous time scale.

Grouped maximum likelihood and EM-algorithm estimators were discussed. In the small
Monte Carlo study the EM-algorithm that accounts for the discrete nature of the data both in
the outcome and the lagged explanatory variables comes out as the best estimator of the
compared ones. In the empirical study the differences between estimators are generally quite
small, and the EM-algorithm and ML estimators based on discrete data are not too different

from ML based on grouped data and Weibull and Burr models.

When it comes to the effects of explanatory variables the study provided support for using
changes rather than levels to reflect news. There is throughout a significant and positive effect
of news about prices and a negative effect of a change in the spread. The spread effect is not

significant, however. A higher volume has an insignificant but prolonging effect in most
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cases. We could not find statistically significant support for an asymmetric response to news
about spreads nor about prices. The log-likelihood function value of the Burr is larger than for
other models but the models are not nested. In addition, the serial correlation properties of the
exponential and Weibull models speak in favor of these two models. A generalized gamma
was also employed and provided a better fit to the data than both the exponential and Weibull
models. A reason for not reporting generalized gamma results is the numerical problems we

faced in obtaining standard errors.
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Appendix
Weibull
Using the specification of Bauwens and Giot (2001, pp. 98-99) the Weibull model has hazard

function A(D)=yD""' /6", which gives the integrated hazard function A(D)=(D/68)".
From this follows the distribution function F(D)=1-exp(—A(D)), expected value
E(D)=0T(1+y") and variance V(D)= 6" [F(l +2y ) -T 1+ 7/*1)]. Random durations can
be generated according to D = 0[— In(1- u)]y i , Where u is a uniform [0,1] random deviate. A

standardization of D to get the moments of the exponential model is obtained by

D, =a"*(D-6b), where a=|[(1+2y")~-T(1+y™")| and b=T(1+y")-a"?

Corresponding to the log-likelihood function in (6) we have

= > nfexp(n[id, -1/ 1) - exp(-[id, +1/6)] ]
; (A1)

t=
glt gZz

L=3
i
where the final step is notational. The derivatives for /, are

o, _ 1 b1yl g, +ld, +1) (% e

67 917 81— 8
o, _y 74 &, - (%) ., )
8(9[ 61‘ 81 — 8

ol, _ al, 06, _ d,

oy 06, oy o6,

The conditional expectations corresponding to those in (3) and required for EM-algorithms

are of the form

PA+y7,1/67)

e

ED,|d,=0,A, )=c

P[l + 7‘2(%)*]—1)[1 + ;/1(%)’] (A.3)

e—(k—l)?“ 6, _ e—(k+1)7“ /6, ’

ED,|d, =kA,_))=c

where ¢c=0T(1+y") and P(.,.) is the incomplete gamma function (e.g., Press et al., 1992,

p. 209).

Burr

Bauwens and Giot (2001, pp. 101-104) give the Burr density function:
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N Q -1 2 ,A
f(D)—e(ej |:1+/1(0)} (A.4)

with mean and variance

C(+y HrAY)

E(D)=0-—"—
AT+ A7

fory/A>1

b

1
V(D)= 6’ . A5
) A TA+ AT (A->)

_T+yHrat
AL+

X |:F(1+2}/_1 (A +277) }, fory/A>2.

The survival and hazard functions are

F(D)= {1 + z(gﬂ ="
h(D):y(D]y {1+/1(Dﬂ .
0\ 6 0

Using (A.4)-(A.6) it is then possible to obtain the log-likelihood function corresponding to (6)

(A.6)

and then to obtain ML estimates. The derivatives of F (D) with respectto 7, & (and y ) and

A make up the score vector and are given by

o y
(o) o)
oy 0 0
OF (D) _ 7[D)yc/1‘1
00, AN

OF (D) _ 0F (D) 96, _, OF (D)
oy 86, oy ' 96,

oF D) _ 1{/1‘1 In(c)—c (Dﬂc-*' :
oA 2 0

(A.7)
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1 Introduction

This paper empirically examines the dependence between durations in stocks from the banking
sector traded on the Stockholm Stock Exchange. In this context durations are the times between
two consecutive transactions in a stock. To empirically capture dependence between durations
in stocks the Autoregressive Conditional Duration model (ACD) of Engle and Russell (1998) is

extended by adding lagged durations from a second stock to the conditional mean function.

The economic motivation to studying trade intensity or, the time between transactions orig-
inates from the information based model of Glosten and Milgrom (1985). In their model they
argue that the information set diffuses among informed and uninformed traders. The informed
traders have superior information, public or private, regarding the true value of the asset and
make use of their information advantage as long as it is profitable. Uninformed traders, however,
do not have private information concerning the value of the asset and trade mainly for liquidity
reasons. To distinguish between informed and uninformed traders Easley and O’Hara (1992)
highlights the importance of the trade intensity or, the time between transactions. In their
model non-trading, i.e. long durations between transaction, is an indicator of no new informa-
tion, neither good nor bad. Trading is on the other hand an indicator of new information. Thus,
the probability is high that transactions involve informed traders when the observed durations

are short.

New available information to the stockmarket may, for example, concern a specific stock, an
industry sector or even the whole stockmarket. The stock specific news may, however, not only
be relevant for the value of the specific stock. Values of related stocks, e.g., in the same sector,
may also be affected. The possibility that the new information discovered by the increased trade
intensity in a specific stock also is relevant for related stocks may therefore influence trading
in, e.g., stocks in the same sector. Thus, new information may lead to dependence between

durations in different stocks.

With the availability of ultra high frequency data (i.e., within the day series where every
transaction is registered) standard econometric tools may not be appropriate as transactions
are irregularly spaced over time. One way of handling the irregularity is to aggregate data into
regularly spaced intervals and apply, e.g., count data models. However, aggregation results in
information loss which is not always desirable. Albeit the complication of modelling irregu-
larly spaced data one influential approach for handling the data is the ACD model. It models
the duration between transactions and conditions the duration on recent durations and other
explanatory variables. Within the ACD framework several extensions and applications of the

original Engle and Russell (1998) model have been presented (e.g., Bauwens and Giot, 2001).
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Models for the dependence between durations in more than one duration series have proven
rather complicated, e.g., Engle and Lunde (2003), Russell (1999) and Bauwens and Hautsch
(2004). The difficulty is in modelling an expected duration while at the same time accounting
for events during the duration. Pairs of durations with the same starting time would be ideal,
but are rarely available in transaction data. Both Engle and Lunde (2003) and Russell (1999)
advance a model for the dependence between the trade and the quote arrival processes. Bauwens
and Hautsch (2004) present a model for the dependence between durations and report results
for German stocks. The model of Engle and Lunde (2003) is closely related to the ACD model
as it treats one of the duration series as censored and applies the ACD model. In the same line
is the model of Mosconi and Olivetti (2005). Russell (1999) and Bauwens and Hautsch (2004)
take another approach and instead model the intensities. An application of the model of Russell
(1999) for dependences between duration series have been given by Spierdijk et al. (2002). They

find positive dependence between stocks active in the same industry sector.

Here, a technically simpler approach to capturing dependence between duration series is
suggested. In the ACD model durations from a second stock beyond the focused one are added to
the conditional mean function and the result is empirically evaluated. Admittedly, the proposed
models are rather ad hoc even though they attempt to capture the main features of the data
generating process. However, the empirical evidence of the current type of models may serve a
purpose or inspiration for both building a base of empirical evidence and more probabilistic work.
Maximum likelihood and conditional least square are suggested as estimators of the unknown
parameters. Further, an impulse response function is plotted and Granger causality is studied.
Empirical results are presented for 98 trading days in four stocks in the banking sector at the
Stockholm Stock Exchange. The stocks are Nordea, Foreningssparbanken, Handelsbanken and

SEB.

The outline of the paper is the following. In Section 2 we give a brief account of the ACD
model and present the extended version. The section ends with details concerning estimation.
Section 3 presents the data, while Section 4 presents the empirical results. The final section

concludes.

2 Model and estimation

In this section we first give a brief account of the ACD model and then proceed to discuss
the extension which is aimed at accounting for a second transaction series. The estimation of

unknown parameters is also considered.
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2.1 Autoregressive conditional duration model

In the ACD model of Engle and Russell (1998) the time between consecutive transactions is
modelled. The duration, d;, is the time between two consecutive transactions at ¢;_1 and ¢;, i.e.
d; = t; —ti—1. The conditional expectation of a duration d; is specified as E(d; |dj—1,...,d1;x) =
f;. The d; is conditioned on past durations and other explanatory variables x, and 6; is spec-
ified in such a way that ¢; = d;/6; is independent and identically distributed. The 6; may be
parameterized as ) ,
Oi=w+ > ajdij+ Y B0 j+ 7wy (1)
j=1 J=1
In (1) 6; is parameterized with p lagged durations and ¢ lags of conditional durations. This is
called an ACD(p,q,z) where p and ¢ are the orders of the lags in the mean function and z; is a
vector of explanatory variables such as volume and spread at time .
The unconditional mean and variance of an ACD(1,1) are easy to obtain. By assuming that
¢; follows a standard exponential distribution, 7 = 0 in (1), and that d; is weakly stationary the

mean is
w

Ed)=p=—. 2
The time invariant unconditional mean together with the obvious d; > 0 condition imply the

restrictions w > 0 and a + § < 1. The unconditional variance of the ACD(1,1) is given by

1—6%—2ap8

\%4 d;) = 2 = 2>< .
ar(di) = 0" = WX T o

For finite variance 52 + 2a8 + 2a? < 1 must hold.

2.2 Extended ACD model

To capture the dependence between durations in stocks we suggest that the ACD model be
extended by adding durations from stocks beyond the focused one. The available durations for
the focused stock are past finished durations in the same and the other stocks, and the length
of the most recent incomplete duration in other stocks. For the presentation of the model we
introduce a counting process and then proceed with the suggested formulation of the model.
Let the number of events for the k* duration series by time ¢ be denoted by N¥(¢) and
th <tk <tk < ... < tF the transaction times for the k" series. The most recent transaction time

tk

is then at t* and the most recent duration is d¥ N1

_ 4k
Nk (2) Nr() = ke T
An example with two stocks, 1 and 2, is presented in Figure 1. The expected length of the

next duration d}vl o is conditioned at tjlvl (-1 in stock 1. The d}vl (1) may be conditioned on
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its own past durations, e.g., djlvl(t)—lv d}Vl(t)—T”"d}Vl(t)—q’ and other explanatory variables. If
durations from a second stock are added to the conditional mean function, e.g., d?vz ) d?vz (t)-1
and d?\ﬂ (t)—2 the most recent added duration d?\,g ® in stock 2 may not be completed when the

conditioning takes place in stock 1. The observed length of the most recent duration d?vg ® in
N(t) N2(t)
stock 2 is 71 where 71 = t}\fl(t)fl — t?VQ(t)il or 71 = ’; dk_l — /;1 di_l, and 71 > 0.

1 1 1
d NE(t)-2 d NE(t)-1 Ni()
1 1 1 1
t N(t)-3 t NE(t)-2 t N(t)-1 t N(t)
i I i : Stock 1
|
2 2 |
d Ne(D)-2 d N2(H)-1 7 |
|
2 2 2 | 2
t N?()-3 t N?(t)-2 t N(t)-1 | t NZ(t)
: : : | : Stock 2
2
d N ()

Figure 1: Hlustration of two stocks, stock 1 and stock 2, with transaction times ¢ and durations
d. 71 is the observed length of the most recent duration in stock 2 at time tjl\n(t),l-

The proposed, extended ACD model is in a bivariate case for stocks 1 and 2:

q1
Opigy = w +Za1d ﬁZﬁ}e}Vl +7T$N1(t)1+e‘50”1+261dm(t D@

7=1

Oz = W’ + Zazdm(t 4+ ZB 0320+ T TRy 1 € %672 (1 4 252le W) ()
Jj=1 j=1

In (4) where completed durations from a stock 2 are added with 7, lags, completed durations
are given weights dependent on the size of 71, i.e. depending on how far away in time the
completed durations are. The intuition behind the parameterization is that a large value of 71
in exp(één) gives low weight to the finished durations from stock 2 and a small value of 71 gives
a larger weight to the finished durations when 6} < 0. The conditional mean function (5) for
stock 2 with durations from stock 1 added is formulated in a analogous manner.

When durations from a second stock are added to the conditional mean function as suggested
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the crucial point is the updating of the mean function. For the most recent duration from stock
2 to enter the mean function (4) a transaction in stock 1 must occur. During a long period
without a transaction in stock 1 but with transactions in stock 2 information from stock 2 may

not be included in the mean function for stock 1.

Obviously, the specifications of the final terms in (4)-(5) could take on other forms. For
instance, the final term could be additive with 62 N2(t)—j» J = 1, and 7, entering (4) in a linear

way and vice versa.

The conditional moment functions in (4)-(5) are easy to interpret with respect to effects of
changes in post durations, etc. Obtaining the unconditional mean and variance is, however,
quite difficult as it involves taking the expectation of the nonlinear final term in (4)-(5). To
illustrate, consider the properties of an ACD(1,1) with one lag of the added duration. The

model can be written
1 1 1 1 1 51
diig = Onieniy Opi(y = w' +aldyagy_y + B8 00—y + 0 (L4 1dye(y_y) , (6)

where €l NL(t) follows a standard exponential distribution. By taking expectations of both sides
of (6), assuming that d} NL(t) and 6} Ni() are weakly stationary the unconditional mean may be

expressed as

1 1
W+
= E(0yi) = Bldy ) = T ol g

where ¢! = E |:65(1)T1(1 + 5%9?\72@))] can be either positive or negative depending on the sign
of 6. To have positive durations the most natural conditions are a! + ! < 1 and w! > —¢!.
Obtaining an explicit formulation of ¢! and the variance appears more difficult than illuminating,

and hence detailed expressions are not given.

One useful extension of the original ACD model that ensures positive expected durations
is the log-ACD model by Bauwens and Giot (2000). The conditional mean function for a log-
ACD(p,q) with explanatory variables is then

p1 @
011\,1@ = exp |w! + Za}d}vl(t)_j + Zﬂ} ln911\,1(t)_j + 7'zl + 66071 1+ Zélng w-i)| - (7)
=1 :

For the specification log-ACD(1,1) the only parameter restriction is 4! < 1 and 5(1) < 0.
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2.3 Estimation

Engle and Russell (1998) popularized the quasi maximum likelihood (QML) estimator building
on the exponential distribution for the estimation of the unknown parameters of the ACD model.
By extending the conditioning set to also include observed durations in the other duration
sequence, the same QML estimator can be used for our purpose. The estimator maximizes the

log-likelihood function,

T

Inl = — Z

k:

In Hk (8)

J

The QML estimator is consistent when the conditional mean function is correctly specified. A
correctly specified distribution may, however, render a more efficient estimator. For the practical
estimation of the parameters we employ the log-ACD specification in (7), which we implement in
the RATS package using the BFGS algorithm. The standard errors of the parameter estimates
are the robust standard errors given by RATS.

Other estimators for the unknown parameters may also be considered, e.g., conditional least
squares (CLS) or generalized method of moments (GMM). With these estimators the distri-
bution assumption on the conditional duration is relaxed, though, relaxing the distributional
assumption is not a major drawback given that the density is in the exponential family and 9;?
is correctly specified (Bauwens, Giot, Grammig and Veredas, 2004).

Starting with the CLS estimator the prediction error from (4)-(5) is

k k k
enrwy = Anngy — Onegy-

The CLS estimator of the parameters in the vector 1)’ minimizes the sum of the squared predic-

tion errors

Q(y) = c'e

where ¢’ = (€], €,). Standard errors of the estimated parameters are obtained from the robust
error option in RATS. A major benefit of leaving the QML based on a univariate exponential
model is that joint estimation of the two conditional mean functions is feasible. By this it is easier
to extend previous conditional mean functions to, e.g., be functions of lagged conditional means
from other duration sequences. Naturally, if considering the joint estimation of the conditional
mean functions the irregular intervals and updating of the conditional mean functions must be
carefully considered.

The GMM estimator introduced by Hansen (1982) may also be considered for our purpose
by utilizing the orthogonality conditions suggested by Grammig and Wellner (2002) and by
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Table 1: Summary statistics for Nordea, SEB, FSB and SHB durations.

Mean  Std Nr obs LBjgg Min Max Daily turnover
million SEK

NDA 351 70.9 73723 29614 0O 1415 586.9
SEB  45.7 929 56590 11763 0 1767 326.4
FSB 589 115.6 44083 7106 0 2270 298.9

SHB 50.6 99.5 51094 15454 0 1606 343.4
Note: LBjgp is the Ljung-Box autocorrelation statistic for 100 lags.

potentially adding a parametrization for the covariation between duration sequences.

3 Data and descriptive statistics

The transaction data were downloaded from Ecovision, a provider of real time financial infor-
mation from the Stockholm Stock Exchange. Four stocks, Nordea (NDA), SEB, Féreningsspa-
banken (FSB) and Handelsbanken (SHB), were recorded for 98 trading days (May 3 - September
30, 2005). The companies are active in the same line of business, the banking sector. Every
transaction is recorded on a second scale with associated volume, bid, ask, and price variables.
Descriptive statistics of durations of the four stocks are presented in Table 1.

The stocks are four of the most traded stocks on the Stockholm Stock Exchange and roughly
of the same size. The number of observations indicates that the most frequently traded stock
is NDA followed by SEB, SHB and FSB. Also the daily turnover indicates that NDA is the
most traded stocks followed by the other three stocks. The tick size, i.e. the minimum amount
a price can move, is for FSB, SEB and SHB 0.5 SEK and for NDA 0.25 SEK. The durations
show strong serial correlation. The Ljung-Box statistics presented in Table 1 are high for all
four stocks. Figure 2 shows the autocorrelation functions for the series. The autocorrelation
functions share the same pattern, quite small and the decay is also quite slow.

Transaction data often show strong intraday seasonality patterns (e.g., Bauwens, Galli and
Giot, 2002; Engle and Russell, 1998). Figure 2 shows the intraday seasonality pattern for the
duration of the current sample. Durations tend to be shorter when the market opens and near
the closing time for all stocks. Similar patterns are also present in variables such as volume,
spread and trade intensity. To account for the potential seasonality of the data the adjusted
duration (Engle and Russell, 1998) is computed as d; = D;/¢;, where D; is the duration from
the dataset and ¢, is a cubic spline with nodes on each hour. The adjusted duration d; is used
for estimation. In a similar way the other variables, volume, spread, trade intensity and the

added durations are adjusted to account for the diurnal effect.
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Daily duration pattern Autocorrelation functions
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Figure 2: Average duration lengths per hour smoothed with a cubic spline (left) and autocor-
relation functions of durations and residuals (right). In the figure are FSB (solid line), SHB
(dashed dot dot line), SEB (dashed line) and NDA (dashed dot line).

There are many consecutive zero durations, i.e. multiple transactions within a second, in the
data. Suggestions in the literature of the treatment of zero durations are, e.g., aggregate all data
within a second (cf. Engle and Russell, 1998) or assume that the distance between transactions
within a second are equally spaced (cf. Darolles and Gouriéroux, 2000). In this paper the zero
durations are replaced with 0.5.

In the empirical part volume and spread changes are used as explanatory variables together
with a measure of trade intensity. A variable capturing the intensity of trade (Engle and Russell,
1998) can be constructed by dividing the number of transactions within a price duration with
the length of a price duration. Bauwens and Giot (2000) use a similar approach using instead
the spread duration. A price duration is calculated as the time it takes for the price to move a
predetermined number of ticks. Obviously a new price duration is initiated more often with a
low predetermined tick size. The number of ticks is here chosen as 1. Other studies, e.g., Engle
and Russell (1998) suggests the number of ticks as 4. The price used for the price duration is
defined as the midprice, i.e. the price in the middle of bid and ask at time 7, when a transaction

occur.

4 Results

The results to be reported are based on the log-ACD model. A main reason for using the log-
ACD in favour of the ACD model is that numerical problems were faced when a pure ACD

model was implemented. To find a lag structure we employ the AIC criterion. The minimized
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AIC gives us the model specification.

Tables 2-5 give the CLS and QML estimation results for the stocks with differences in volume,
spread, trade intensity and durations as explanatory variables. The parameter estimates for the
explanatory variable volume change are significant for NDA but not for SHB, SEB and FSB. The
sign of the volume change variable are throughout positive. For all series the spread change has
a significant and negative effect. Trade intensity changes have significant effects for FSB, SEB
with added durations from NDA but not for the models of SHB and NDA. The sign is positive
except for SHB. The interpretation of a negative parameter sign is that a positive change in
the variable shortens the next duration. Brénnés and Simonsen (2006) who also utilize change
variables when studying Ericsson B, for a different sample, also find a negative effect of the

spread change and a positive one for the volume change.

The estimated parameters a and 8 in Tables 2-5 are all significant with a few exceptions.
Also exclusion of the insignificant parameters were considered. However, such specification is
not minimizing the AIC. The parameter 3 is close to one for all stocks which is also what is found
in other studies of transaction data (e.g., Bréinnis and Simonsen, 2006). The interpretation of a
[ parameter estimate close to one is that a short (long) duration tend to be followed by a short
(long) duration.

Next, considering the added dependence terms in (4) and (5) we find significant parameter
estimates for SEB, SHB and NDA, though not all, while added dependence terms to FSB are all
insignificant. More specifically we find significant estimates of the first and third lags of added
durations from SEB, FSB and SHB to NDA and also the eighth and ninth lag of durations
from SEB (Table 2). In the estimates of added durations to SEB we find significant parameter
estimates except for the first and sixth lag of added durations from NDA and the third lag of
durations from SHB (Table 4). Added durations to SHB are significant for the first and fifth
lags of FSB and fifth lag of NDA, while added durations from SEB are not (Table 5).

Regarding the parameter sign, the expected sign of lagged added dependence terms is posi-
tive. Positive signs of the estimates implies that long durations in the added duration series has
a positive impact on the conditional mean function i.e., prolongs the next duration. Positive
parameter signs is also found for a major part of the estimates. The expected sign of the dg
parameter is negative as this implies that the impact of the other stocks is decreasing with the
size of 7. However, we find the sign of dg positive except for SEB with durations from NDA,

although insignificant (Table 4).

To sum up, we find significant and the expected positive parameter estimates, though not for
all lags, of the added durations to NDA and SEB. Also added durations to SHB are significant

except durations from SEB. For the added durations to FSB all estimates are insignificant.
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Table 2: Estimates of Nordea (NDA) with explanatory variables and durations from SEB A,
Foreningssparbanken (FSB) and Handelsbanken (SHB). (Robust ¢ statistics in parenthesis).

Variable NDA
NDA SEB A FSB SHB CLS
di—1 0.158 0.157 0.157 0.157 0.041
(37.67) (41.66) (40.86) (43.62) (7.61)
di—o -0.023 -0.021 -0.021 -0.022  0.0003
(-4.27) (-4.31) (-4.02) (-4.70) (0.04)
di—3 -0.014 -0.012 -0.013 -0.013  -0.004
(-2.69) (-2.43) (-2.48) (-2.60)  (-0.77)
di—4 -0.010 -0.009 -0.007 -0.010  -0.001
(-2.29) (-2.17) (-1.77) (-2.50)  (-0.27)
011 0.864 0.856 0.856 0.861 0.91
(130.78) (121.8) (131.3) (142.2) (96.2)
Volume change 0.097 0.090 0.103 0.097 0.016
(2.49) (3.12) (2.63) (2.37) (0.21)
Trade intensity change 0.007 0.007 0.006 0.007 0.003
(1.36) (1.61) (1.88) (1.51) (1.44)
Spread change -0.326 -0.329 -0.316 -0.328  -0.588
(-5.71) (-5.83) (-22.97) (-5.73)  (-14.0)
do 0.002 0.007 0.003
(1.18) (4.62) (1.81)
01 0.002 0.005 0.002
(2.02) (3.88) (2.08)
02 0.001 -0.003 0.002
(1.32) (-1.91) (1.87)
03 0.003 0.005 0.005
(6.07) (4.29) (4.22)
04 0.0001
(0.14)
05 0.002
(1.79)
06 0.0009
(1.28)
o7 0.004
(7.57)
O 0.002
(2.30)
dog 0.001
(1.93)
Constant -0.140 -1.163 -1.16 -1.153  -0.039
(-21.60) (-148.6) (-174.0) (-185.9)  (-11.8)
LBioo 919.2 941.7 947.1 924.2  5499.1
LBy, 114.3 111.2 117.5 110.7 154.9
In ! -58717.8  -H8492.0 -58538.8  -58599.9

Note: LBjqo is the Ljung-Box statistic of the residuals over 100 lags. LB, is
the same statistic for squared residuals. Residuals are calculated as

(dny — One)/Ongy
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Table 3: Estimates of Foreningssparbanken (FSB) with explanatory variables and durations
from SEB A, Nordea (NDA) and Handelsbanken (SHB). (Robust ¢ statistics in parenthesis).

Variable FSB
FSB SEB A NDA SHB CLS
di—1 0.140 0.140 0.140 0.140 0.053
(25.46) (30.13) (26.50) (31.84) (16.92)
di—2 -0.046 -0.032 -0.046 -0.046 -0.015
(-7.23) (-2.56) (-6.77) (-7.89) (-2.73)
di—3 -0.025 -0.015 -0.025 -0.025 0.001
(-6.28) (-1.56) (-3.98) (-4.09) (0.10)
di—4 -0.023 -0.017 -0.023 -0.023 -0.011
(-3.69) (-2.03) (-3.31) (-3.40) (-1.87)
di—s 0.003 0.007 0.003 0.003 0.001
(0.26) (0.94) (0.45) (0.33) (0.21)
di—¢ -0.013 -0.011 -0.013 -0.013 -0.006
(-2.00) (-1.67) (-2.11) (-2.16) (-1.05)
d—7 -0.026 -0.008 -0.025 -0.025 -0.019
(-5.58) (-0.90) (-4.78) (-6.25) (-4.71)
01 0.988 0.888 0.985 0.985 0.990
(297.5) (11.3) (138.2) (151.5) (363.9)
Volume change 0.001 0.047 0.001 0.003 0.011
(0.05) (1.03) (0.09) (0.18) (0.64)
Trade intensity change 0.014 0.047 0.016 0.017 0.013
(2.72) (2.69) (2.02) (2.47) (2.86)
Spread change -0.133 -0.161 -0.134 -0.137 -0.375
(-2.42) (-2.79) (-3.00) (-2.30) (-5.89)
do 0.007 0.0009 0.000
(1.29) (1.00) (0.01)
01 0.004  -0.00009 0.0006
(1.07) (-0.14) (1.63)
d2 0.0005
(1.18)
Constant -0.011 -1.085 -1.014 -1.014 -0.005
(-4.15)  (-19.74) (-166.0)  (-186.18) (-3.67)
LBioo 199.0 194.7 194.5 197.3 976.1
LB?,, 122.1 117.8 103.1 106.0 135.5
In! -39504.8  -39469.7 -39492.5  -39481.2

Note: LBjop is the Ljung-Box statistic of the residuals over 100 lags. LB, is the
same statistic for squared residuals. Residuals are calculated as

(dngy — Onn)/On )
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Table 4: Estimates of SEB A with explanatory variables and durations from Féreningsspar-
banken (FSB), Nordea (NDA) and Handelsbanken (SHB). (Robust ¢ statistics in parenthesis).

Variable SEB
SEB NDA FSB SHB CLS
di—1 0.140 0.138 0.138 0.139 0.0459
(33.99) (36.63) (38.49) (37.57)  (11.07)
di—o -0.017 -0.015 -0.015 -0.014  0.0011
(-3.05) (-2.58) (-2.96) (-2.89) (0.21)
di—3 -0.023 -0.018 -0.019 -0.020  -0.0150
(-4.31) (-3.72) (-3.75) (-3.83)  (-3.25)
011 0.845 0.825 0.832 0.829 0.9160
(81.84) (73.97) (80.81) (79.66)  (74.79)
Volume change 0.012 0.017 0.007 0.011 -0.092
(0.20) (0.31) (0.13) (0.20)  (-0.98)
Trade intensity change 0.013 0.014 0.013 0.012 0.003
(2.02) (2.24) (1.60) (1.56) (0.47)
Spread change -0.206 -0.201 -0.208 -0.195 -0.539
(-3.73) (-5.76) (-3.81) (-3.59)  (-6.31)
do -0.002 0.013 0.010
(-0.90) (6.71) (5.31)
01 0.002 0.003 -0.005
(1.36) (2.28) (-2.67)
02 0.007 0.004
(4.95) (2.47)
03 0.004 0.002
(2.07) (1.56)
04 0.007 0.004
(3.75) (2.66)
05 0.003
(2.36)
06 0.003
(1.90)
o7 0.005
(3.52)
Constant -0.120 -1.156 -1.143 -1.143 -0.034
(-15.57)  (-113.8) (-139.6)  (-140.7)  (-8.98)
LBioo 326.7 323.1 327.7 323.3 1905.4
LB%, 130.1 137.6 128.9 124.4 189.1
Inl -49242.9  -48960.0  -49097.7  -49096.4

Note: LBjqp is the Ljung-Box statistic of the residuals over 100 lags. LB, is
the same statistic for squared residuals. Residuals are calculated as

(dney — One)/On -
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Table 5: Estimates of Handelsbanken (SHB) with explanatory variables and durations from
Foreningssparbanken (FSB), Nordea (NDA) and SEB A. (Robust ¢ statistics in parenthesis).

Variable SHB
SHB NDA SEB FSB CLS
di—1 0.143 0.143 0.143 0.1430 0.052
(37.48) (29.46) (35.08) (31.66)  (20.33)
di—2 -0.041 -0.041 -0.040 -0.040 -0.013
(-10.30) (-5.99) (-6.50) (-6.39)  (-3.08)
di—3 -0.028 -0.028 -0.027 -0.028 0.001
(-6.08) (-3.96) (-8.37) (-4.30) (0.26)
di—4 -0.014 -0.014 -0.013 -0.014 -0.012
(-2.70) (-3.13) (-2.24) (-2.07)  (-4.12)
di—5 -0.007 -0.007 -0.008 -0.007 -0.001
(-1.30)  (-1.32)  (-1.29)  (-1.16)  (-0.22)
di—g -0.019 -0.020 -0.019 -0.019 -0.005
(-3.73) (-2.74) (-3.45) (-2.96)  (-0.93)
d—7 -0.023 -0.022 -0.020 -0.021 -0.016
(-5.39) (-4.44) (-4.60) (-4.39)  (-4.04)
0i—1 0.988 0.985 0.982 0.986 0.990
(392.0) (253.7) (190.7) (217.1)  (300.0)
Volume change 0.013 0.011 0.011 0.016 -0.016
( 0.68) (0.54) (0.48) (0.78)  (-0.87)
Trade intensity change -0.004 -0.004 -0.002 -0.004 -0.011
(-0.89) (-0.73) (-0.33) (-0.69)  (-1.62)
Spread change -0.356 -0.362 -0.368 -0.365 -0.603
(-4.62) (-5.37) (-5.12) (-5.11)  (-8.79)
do 0.0003 0.0012 0.0011
(0.63) (1.80) (1.96)
01 0.0005 0.0007 0.0001
(0.90) (1.49) (0.26)
02 -0.0001 0.0006 0.0008
(-0.15) (1.50) (2.21)
03 0.0002 0.0002 0.0003
(0.56) (0.48) (0.89)
04 -0.0001 0.0006 -0.0001
(-0.28) (1.46) (-0.30)
05 0.0011 -0.0008
(2.93) (-2.63)
06 0.0006
(1.63)
Constant -0.0130 -1.0176 -1.0205 -1.0163 -0.006
(-5.35)  (-248.9)  (-188.0)  (-219.2)  (-3.48)
LBioo 388.5 384.3 369.2 389.0  1844.8
LB%, 186.7 194.5 126.1 231.9 232.7
In ! -43826.75  -43716.1  -43746.6  -43760.6

Note: LBiqp is the Ljung-Box statistic of the residuals over 100 lags. LB, is
the same statistic for squared residuals. Residuals are calculated as

(dnwy — One)/On)-
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When considering the CLS estimator the parameter signs and sizes are roughly the same,
though with a few exceptions. Some of the parameter signs change when using the CLS esti-
mator, e.g., the second lag of lagged durations in NDA. The estimated parameters of volume

change are negative for SEB and SHB.

One may use a Granger causality test (Granger, 1969) to examine if the inclusion of a
duration from other stocks to the conditional mean in (4) and (5) adds explanatory power or not.
Considering individual parameter estimates we find significant parameters of adding durations
from stocks beyond the focused one to NDA and SEB but not for FSB. Individual parameters
of added durations to SHB are significant for NDA and FSB but not for SEB. Consequently it is
found that NDA granger causes SEB and SEB granger causes NDA. FSB Granger causes NDA,
SEB and SHB, while NDA, SEB SHB is not Granger causing FSB. FSB and NDA Granger
causes SHB while SEB is not. Also a likelihood ratio test is applied to test if the individual
parameters of the added durations are jointly, significantly different from zero (Tables 2-5). The
test statistic has in large sample a x? distribution with the degrees of freedom equal to the
number of additional parameters i.e., the number of added lagged durations including ég. The
5 percent critical value range from 5.99 with 2 degrees of freedom to 18.31 with 10 degrees of
freedom. It is found that there is Granger causality between all the stocks, including FSB and
SHB with added durations from SEB.! Similar results have also been found for other stocks and

markets, e.g., Spierdijk, et al. (2002) and Bauwens and Hautsch (2004).2

In the models reported in Tables 2-5 there is serial correlation left that we were unable to
reduce further. To test for remaining serial correlation the Ljung-Box statistic is used. The test
statistic has asymptotically a X%oo distribution and a 5 percent critical value of 124.3. For the
residuals of NDA, SEB, FSB and SHB the null of no serial correlation is rejected for all models.
For the squared residuals the null hypothesis is rejected for all models of SHB and NDA. Note

that the reported results are based on deseasonalized data.

The estimated models may be used to evaluate and illustrate the response to a chock in, e.g.,
the added duration. Figure 3 gives the response in the expected mean duration 0y to a 50
percent reduction of 10 consecutive durations for SHB and NDA illustrated. The shocks have a
small and diminishing effect on 6y (;). Hence, the estimated models are stationary. The response
in percent in NDA of a shortened duration in SHB is roughly twice the size of the response in

SHB of a shortened duration is NDA.

! The result is also valid for a test statistic with 1 percent critical values.
’In an early draft of the paper, from another sample, we found that AstraZeneca is not Granger causing
Ericsson B, while Ericsson B Granger causes AstraZeneca
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Figure 3: The change in percent of a 50 percent shortened duration in 10 consequtive durations
from the mean duration at time ¢ = 10 in Nordea (NDA) (left) and Handelsbanken (SHB)
(right). The solid line in the left figure shows the response in NDA of a shortened duration in
NDA and in the right figure the response in SHB of a shortened duration in SHB. The dashed
lines show the responses of a shorthened duration in the other stock.

5 Conclusions

The paper proposed adding durations from a second stock to the conditional mean function
in the ACD model of Engle and Russell (1998). By including durations from a second stock
dependence between duration series is captured in the model. The model is applied to four
stocks, Nordea, Foreningssparbanken, SEB and Handelsbanken, all from the banking sector,
traded on the Stockholm Stock Exchange.

In the empirical part, we find Granger causality between all the stocks, Nordea, Foreningss-
parbanken, SEB and Handelsbanken, when the added durations from stocks beyond the focused
one is considered jointly. For the individual parameter estimates we find Granger causality be-
tween Nordea and SEB. Foreningssparbanken Granger causes Nordea, SEB and Handelsbanken,
while Nordea, SEB and Handelsbanken is not Granger causing Foreningssparbanken. Handels-
banken Granger causes Nordea and SEB. Nordea and Foreningssparbanken are Granger causing
Handelsbanken while SEB is not. This result indicates that there may be duration dependence
between stocks active in the banking sector on the Stockholm Stock Exchange. The dependence
may be caused by new information revealed by the trade intensity. In view of this empirical
result the suggested model extension is able of capturing dependence between duration series
and of providing an improvement in the econometric specification of the model. The attraction

of the extension of the model is the simplicity by which information from other duration series

can be added to the ACD model.
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The parameter estimates of spread change is significant for all stocks and volume change is
significant for Nordea. The expected negative parameter estimates are found for spread change
and trade intensity change for Handelsbanken. The descriptive statistics of duration and other
variables show presence of time of day seasonality in the stocks from the Stockholm Stock

Exchange, cf. the results for other stock markets.
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This paper empirically tests whether an open limit order book contains information
about future short-run stock price movements. To account for the discrete nature
of price changes, the integer-valued autoregressive model of order one is utilized. A
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that measures capturing offered quantities of a share at the best bid- and ask-price
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Limit Order Book Information and Short-run Stock Price Movements 1

1 Introduction

The purpose of this paper is to empirically study the information contained in the open
limit order book about future short-run stock price movements. Specifically, attention is
paid to whether changes or asymmetries in the order book concerning offered quantities
of a share at prices below the best bid price (low end of the order book, see Figure 1
below) and above the best ask price (high end of the order book) are informative. To
assess the information contained in the order book the paper presents new measures
as well as extensions to existing measures summarizing order book movements. The
integer-valued autoregressive model (e.g., McKenzie, 1985, 1986, Al-Osh and Alzaid,
1987) is utilized to adhere to the discrete nature of high frequency stock price data.
Although the model should be seen as an approximation to the underlying price process
it offers interpretability concerning parameter estimates in contrast to conventional time

series models.

In the literature models of limit order books (e.g., Glosten, 1994, Rock, 1996, Seppi,
1997) build on the assumption that informed traders always use market orders (immedi-
ate execution at best bid- or ask-price in the order book) instead of using limit orders.
Accordingly there should be limited information of observing offered quantities of a
share at other prices than the best bid- or ask-price. At the same time there has been
a significant growth of electronic limit order book trading systems, offering additional
transparency compared to dealers’ markets, around the world. For example, on Jan-
uary 24, 2002, the New York Stock Exchange (NYSE) began to publish aggregated
depths (quantities offered) at all price levels on both the bid- and the ask-side of the
order book under what is known as the NYSE Open Book program. One may specu-
late whether this additional information, regarding the quantities offered at prices in
the low, respectively, the high end of the order book, contain information concerning
short-run price movements. For example, if traders use the order book as a proxy for
market demand (bid side) and supply (ask side) and base their short-run trading de-
cisions upon this information an imbalance in offered quantities between the bid- and

the ask-side of the order book may contain information concerning future short-run
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price movements, even if traders are uninformed. Also, uninformed traders (e.g., index
fund managers) may view the order book to determine price impact costs (e.g., Keim
and Madhavan, 1998). Thus, changes or asymmetries in the quantities offered in the
low and in the high end of the order book may reveal information concerning future
short-run price movements.

In spite of the success of open limit order book trading systems around the world
little research has been done to assess the impact of the information contained in the
open limit order book (Jain, 2002). Cao et al. (2004) introduce summary measures of
the open limit order book and study their impact on short-run returns on the Australian
stock market. Among other things, they find that the high and low end of the order
book contain information about future price movements. Recent experimental results
of Bloomfield et al. (2005) also suggest that informed traders may use limit orders for
trading. Harris and Panchapagesan (2005) provide empirical evidence that the limit
order book on the NYSE dealers’ market is informative about future price movements.

A prominent feature of transaction stock price data is the discreteness of the prices
process. A majority of stock exchanges allow prices to only be multiples of a smallest
divisor, called a ”tick”. The basic idea of fixing a minimum price change is to obtain a
reasonable trade-off between the provision of an efficient grid for price formation and
the possibility to realize price levels that are close to the traders’ valuation. To handle
this feature a number of approaches to modeling the discrete price movements have been
suggested. Hausman et al. (1992) propose the ordered probit model with conditional
heteroskedasticity. The inclusion of conditioning information in the ordered response
model is straightforward and is a substantial advantage compared to the rounding and
barrier models suggested by Ball (1988), Cho and Frees (1988), and Harris (1998). Two
shortcomings of the ordered response model are that parameters are only identifiable
up to a factor of proportionality without further restrictions and that price resolution
is lost, i.e. price changes larger than the largest specified discrete value are grouped
together.

Contrary to the ordered response model no threshold parameters have to be esti-

mated when adopting a count data approach. Hautsch and Pohlmeier (2002) utilize



Limit Order Book Information and Short-run Stock Price Movements 3

Poisson and zero-inflated Poisson models to analyze absolute price changes. A short-
coming with a count data approach is that conventional count data models are not able
to explain negative discrete price changes. An exception is the recent dynamic integer

valued count data modelling approach presented by Liesenfeld et al. (2006).

To account for the discrete nature of stock transaction price data, this paper uti-
lizes a count data time series approach. The approach builds on the integer-valued
autoregressive (INAR) class of models (e.g., McKenzie, 1985, 1986, Al-Osh and Alzaid,
1987). Assuming that the stock price (measured in number of ticks) is described by
an INAR(1) process and expressing the price change in a differenced form, in such a
way that negative price changes are removed from the right hand side of the model, a
model allowing for negative discrete price changes, i.e. a negative conditional mean, is
obtained.! This differenced INAR(1) model is consistent with the underlying assump-
tions of the conventional INAR(1) model. The differenced INAR(1) model explains a
price change with two parts, the mean upward movement in price and the mean down-
ward movement in price. These mean movements may be separately parameterized
(Brénnis, 1995) to allow for conditioning information, e.g., a summary measure of the
information contained in the open limit order book and lagged price changes. The main
advantage of this approach to accounting for discrete price movements, compared with,
e.g., the ordered probit model, is that identification of parameters of interest and ex-
tensions to multivariate settings are simplified. The model also allows for asymmetric

effects which are common in financial time series.

Section 2 presents the econometric model as well as the estimation framework.
Section 3 contains a discussion of how to summarize the information displayed in the
open limit order book. Section 4 describes the data. Section 5 contains the empirical

results, while some final remarks are left for the concluding section.

'The current approach is obviously also suitable when interest lies in analysis of net-changes in a
count data variable, i.e., count data with negative observations.
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2 Econometric model

The objective is to model discrete stock price movements, i.e. changes measured by
the number of ticks. Contrary to conventional count data observations these stock
price changes produce negative integer-valued count observations. To avoid having
to restrict the analysis to absolute price changes (Hautsch and Pohlmeier, 2002) the
analysis is built on a differencing of the INAR(1) model. The differenced model allows
for a negative conditional mean without violating any of the basic assumptions of the

INAR(1) model.

2.1 The differenced INAR(1) model

Denote the stock price at t with p; > 0 and the tick size with s. The integer-valued
stock price at time ¢ is given by P, = p;/s (measured in number of ticks). Since a price
change in number of ticks may be a negative integer conventional count data models
are not possible to use. To adhere to the discrete nature of the data and facilitate the
use of a count data time series modelling framework, consider a slight rearrangement of

the INAR(1) model. Consider approximate the price process with an INAR(1) model?
Pi=aoP_1+¢

where {e;} is a sequence of integer-valued random variables, and ¢; is independent of
P;_1, with E(g;) = A, V(g¢) = 0% and Cov(gy,e5) = 0, for all t # s. The {&;} sequence
may be seen as increases in price, in terms of number of ticks, to the series, with A as the
mean price increase. The binomial thinning operator, defined as o P;_1 = Zf:tf U,
where u; is an independent binary variable with survival probability Pr(u; = 1) =
1 —Pr(u; = 0) = a, a € [0, 1], represents the price, in number of ticks, at the end

of the interval ¢t — 1 to t. Among the properties of the basic INAR(1) model (e.g.,

Brinnis and Hellstrom, 2001) the first and second order conditional and unconditional

*Higher order INARMA specifications may also be utilized as starting points. The advantage,
however, with an INAR(1) model is that it renders a parsimonious interpretation of the price process,
i.e. one parameter describing the upward movement and one parameter describing the downward
movement of the price change.
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moments are given by E(P;) = A/(1 — ), V(P) = [a(l — a)E(P—1) + 0?] /(1 - o?),
E(P|P,_1) = aP,_1+Xand V(P|P_1) = a(l —a)P_1 + o2

A differenced form is obtained by subtracting P;_; from both sides:

P—P_1 = g—(P1—aoP,) (1)

AP, = g —<Pt—1—OéOPt—1)-
~~

increase decrease

The first part of the model represents an increase in the price, measured in number
of ticks, while the second part represents a decrease in the price, measured in number
of ticks. Note that the conventional rule for multiplication, i.e. 1o P,y — o P,_1 #
(1 — @) o P,_1 do not hold for the binomial thinning operator. The first part of the
parenthesis in (1) is the stock price measured as the number of ticks at ¢ —1. The second
part in the parenthesis represents the number of ticks remaining at the end of the period
(t — 1,t). Thus, the difference between the two parts in the parenthesis represents the
reduction in the number of ticks. The advantage of stating the price difference in this
form is that the thinning operator does not contain the possibly negative AP;.> The

first and second conditional moments are given by
E(APt’Pf/,l) =\— (1 - Oé)Ptfl =\— detfl

V(APP_1) = 0%+ 04(1 — 04) P4 (2)

Note that the conditional mean is allowed to be negative. As long as the restrictions
upon parameters are satisfied the count data features of the basic INAR(1) model are
satisfied.

The model specification may be conditioned on explanatory variables, following
Brinnés (1995). The parametrization of the mean increase in the number of ticks,

A, and the probability of a decrease in ticks, 64, may be accomplished by use of an

3The binomial thinning operator is only defined for positive values of a variable, i.e. a0 P; is only
valid for P; > 0.
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exponential functional form, A\; = exp(x;3;), and a logistic functional form, i.e. 04 =
1/[1 4 exp(x¢3,)]. An extension in order to get a more flexible conditional variance is
to let the variance 02 become time dependent. The variance o7 may, e.g., be dependent
on past values of o7 and other explanatory variables parameterized the following way

(cf. Nelson, 1991)

o} =exp ¢y + ¢ Inof + ...+ dplnoi p+x;7]. (3)

When analyzing the effect of order book measures upon future price movements the
total (net) effect on the expected price change and conditional variance are of interest.
For any explanatory variable the average net effect over all observations on the expected

price change by a marginal change in the explanatory variable is given by

ki, Z()E N Z(wt aetdpt_l> @

szt 8$zt 8%#

R Bi exp(f3)
=T ; (51‘ exp(z¢f) + T+ exp(mB) 2 Ptl) ;

while the average net effect on the conditional variance (via 4 and o?) is given by

OV (AP P, g 062 do?
. 1 t|Lt— 1 =1 dt dt t
=1 Z 8.%5 N Z |:<81'zt B 89%) Ptil + 8:%} (5)

T
_ el B exp(x3) — B; exp(x)?
=T Z [( [1+ exp(z0)]?

> Py +5; EXP(fEtﬁ)] .

The variance of the marginal effects may be determined by the delta method, i.e.,
the variance is approximated with V(m;;) ~ g'V(¢)g where ¢/ = (3;,8,) and the

covariance matrix V(1) and g = Om;/0v are evaluated at the estimates.

2.2 Estimation

Estimation of the basic INAR(1) model has been studied by, e.g., Al-Osh and Alzaid
(1987), Brannés (1995) and Brénnés and Hellstrom (2001). Since the conditional first
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and second order moments are similar for the differenced INAR(1) model estimation
may be based on previous results for the INAR(1) model. In the present paper con-
ditional least squares (CLS) and weighted conditional least squares (WCLS) are used
to estimate parameters of interest. Weighted or unweighted conditional least squares
estimators are simple to use and have been found to perform well for univariate models
and short time series (Brénnés, 1995). The conditional mean or the one-step-ahead
prediction error can be used to form the estimator. The CLS estimator of 04 and A

minimizes the criterion function
T
2
Q= APy — At + 04t P 1] .
t=2

The 02 term is estimated by OLS from the empirical conditional variance expression
é? = édt(1 - 9dt)Pt71 + O‘? + My,

where &; is the residual from the CLS estimation phase and 7, is a disturbance term.
The WCLS estimator of the unknown parameters A; and 64 minimize the criterion

function

o _ i (AP — M\ + 04 P 1]?,

P Oar(1 — 0y) Py + 62

where the conditional variance in the denominator is taken as given.

3 Summarizing the open limit order book

In this section summary measures of the limit order book are presented. The measures
summarizing the limit order book capture both the shape (balance/imbalance in offered
quantities of a share between the bid and ask side) and activity (changes in offered
quantities of a share over time) of the limit order book.

In an order driven market, i.e. with no market makers involved, traders submit

their buy and sell orders to a computerized system. A trader may submit two types
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Figure 1: Illustration of the limit order book.

of orders, a market or a limit order. Limit orders are placed in a queue in the order
book, i.e. they are not immediately traded, where the price and the time of the order
determines the priority of execution. Market orders are executed immediately to the
best bid or ask price. A limit order book displays the quantities of a stock that buyers
and sellers are offering at different prices. For example, the publicly visible limit order
book for a stock listed on the Stockholm stock exchange shows the first five levels on
the bid and ask side, respectively. This is illustrated in Figure 1 where Pid and P/ are
the prices on the bid- (demand) and ask- (supply) side of an arbitrary order book for
the levels ¢ = 1,2...5. The bid- and ask-volumes contained at level ¢ are denoted Q?

and Q3.

The order book can be summarized in different ways, e.g., by capturing the shape
or the activity over time of an order book, discriminating activity and shape between
different levels and so on. Measures capturing the shape may focus on asymmetry of
the order book, i.e. if there are more value on the bid- (ask-) side relative to the ask-
(bid-) side or on market depth, i.e. the spread of buy and sell orders. The activity
in the order book may be measured with, e.g., the turnover during a predetermined

interval of time.

In Cao et al. (2004) the shape of the open limit order book is summarized by the
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following weighted price measure

Qf + Q3

for the first level in the order book. The rest of the open limit order book is summarized

by
> 2, QI + Qi PY)
>z, Q4+ Q)

To compare different stocks a slightly modified standardized measure can be constructed

WPpMnz =

, 1 < na.

as
qwpl -~ QPI+QIP P+ P
Qf + Q3 2
__1P{Qi+ PPQY - QfP! - Qi Py
2 Qf + Q3
and n d pd d
2 S S
gy pr—ns _ 2uimm (G HQIF) P+ P}

P2, (QF+Q)) 2
that are centered (for a symmetric order book) around zero for all stocks. On compari-
son W P is centered around the bid-ask midpoint. Both W P and SW P are unbalanced
towards the buy (ask) side if the values are lower (higher) than the bid-ask midpoint,

respectively negative (positive).

In Cao et al. (2004) the change in the order book measure ASW P showed little
variation at low aggregation levels and the study was instead performed at the 5 minutes
aggregation level. A shortcoming with the above measures, as the aggregation level
grows, is that information is lost since the measure does not discriminate between
different patterns of change during the aggregated period. The value of the order book
change measure may be equal for two different periods even if there is large changes at
the beginning of the aggregation period in one case or at the end of the period for the

second case. To discriminate between these cases this paper proposes a time adjusted
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ASWP SWP AP

t-2 t-1 t

Figure 2: The structure of the order book variables.

standardized weighted price measure

ATSWP) =3 g(j) (SWP] — SWP[,), (6)
j=2
and m
ATSWP™ == = 3 g(j) (SWP = — SWP ™), (7)
j=2

for the rest of the order book. The length of the interval (¢,¢ — 1) is divided into
m sub-intervals where j is the time of the SW P observation in the j:th sub-interval.
To discriminate between observations dependent on where in the interval they are
observed the observations are weighted with the function g(j). In the final estimation
the weight function 1/4/j was used since it provided the best fit to the data. Note
that the weight function gives more weight to recent changes in the order book in the

aggregated interval.

In the empirical part of the paper the above measures are utilized to study whether
order book information explains future short-run price movements. To measure order
book imbalance (concerning offered quantities), SW P;,_; is used. This variable is neg-
ative (positive) for skewness towards the buy (ask) side of the order book and is used
in order to test whether the shape of the order book influences future short-run price
changes. To test whether recent activity in the order book influence future short-run
price movements the recent changes in the order book during the previous period is
captured by ASW P,_1. The alternative weighted measure, ATSW P,_1, will also be

used for this purpose. The structure of the variables are given in Figure 2.
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Two alternative measures to capture order book activity are utilized in the paper.
Foucault (1999) argues that an increase in asset volatility increases the proportion of
limit order traders and the limit order trader have to post higher ask prices and lower
bid prices, i.e. market depth increase. To assess this activity in the order book we

suggest the weighted standardized spread measure

d d

wosp o= (Zmn B e QL) L 8)
ZZ =N QS Zz ni Qd 2

To measure the reallocation in the order book during an aggregated interval a total

turnover measure is utilized. The idea is that new information may lead to a reallocation

in the order book. A high total turnover may then be an indication of new information

affecting the price. The measure is calculated as
d1pdl | sl psl d,1
T} = Z!@ P 4 QP — (QFL PR+ Q5P ) (9)

for the first levels of the order book and as

n2

d, d, d,
ST@QEPH + QP — (@1 P+ QP )

i=n1

(10)

m
T ™ =)
j=2

for the rest of the order book.

4 Sample data

The data has been downloaded from the FEcovision real time system for financial in-
formation and further filtered by the authors. Trading in Nokia® from the Stockholm
stock exchange was recorded for 50 trading days, September 4-November 13, 2003. The
Stockholm Stock Exchange opens at 9.30 am and closes at 5.30 pm. The first and final
15 minutes of the trading day, are deleted from the data. The reason for this is that

4Nokia is active in the business of information technology and is one of the most traded stock on
the Stockholm stock exchange.
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Table 1: Summary statistics of price tick changes and explanatory variables for the
Nokia share.

Mean Std Min Max
Price tick -0.0006 0.699 -12 12
SW Pt 0.002 0.134 -0.453 0.486
SW P25 0.061 0.409 -1.543 1.498
ASW P! 0.000 0.121 -0.611 0.714
ASW P2=5 0.000 0.185 -1.499 1.256
AT SW P! 0.0003 0.040 -0.482 0.496
ATSWP2-5  0.0001 0.062 -0.685 0.750
WSest—5 0.014 0.002 0.007 0.025
TT%-5 5595545 17009648 0 284483590

we only focus on studying the price formation during ordinary trading.

The recorded data are the visible part for traders in real time, i.e. hidden orders
are not considered. The data consists of every transaction, including volume, price,
changes in the limit order book and a measure of time on a second scale. Descriptive
statistics of the downloaded variables and the measures presented above are presented
in Table 1.

The data is aggregated into fixed intervals during the trading day. A low level
of aggregation gives less variation in the order book measures while higher levels of
aggregation gives a larger variation. The drawback of a higher aggregation level is that
information are lost, i.e. fewer observations. The results in this paper are based on
using one minute intervals, but other aggregation levels have also been considered.?

The tick size, i.e. the minimum amount a price can move, is for Nokia 0.5 SEK. The
price evolution is therefore characterized by discrete jumps. In order to avoid capturing
bid-ask bounce effects the bid-ask midpoint is used as the price variable. This renders
a discrete price variable with a tick size of 0.25 SEK, i.e. the number of tick doubles
compared with using the original price variable. In Figure 3 (left) the price discreteness
is illustrated in terms of number of tick changes for Nokia, while the price evolution is

shown to the right.

’Estimation have also been made on the 2, 5 and 10 minute aggregation levels.
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Figure 3: Price change in number of ticks and the price serie for the Nokia share.
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in the Nokia share.
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Table 2: Correlation matrix between the five levels of the weighted price measure,
SW P, for the Nokia share.

1 2 3 4 5
1.0000

-0.6263 1.0000

-0.2637 0.3256 1.0000

-0.2291 0.2547 0.3775 1.0000
-0.1041 0.0547 0.4736 0.3086 1.0000

U W N =

The histogram for price tick changes reveals that most changes are of low order and
that there is a large proportion of zeros (zero changes) in the sample. Autocorrelation
and partial autocorrelation functions for the price tick changes are given in Figure 4.
Table 2 show the correlations between the five levels of the weighted price measure.
The first levels of the order book (the highest bid price and lowest ask price, see figure
1) is negatively correlated with the rest of the order book (higher and lower end of the
order book) while the levels in the higher and lower end of the order book is positively
correlated. Since the behavior of the order book seems to be rather homogeneous
concerning levels 2-5, these will be treated as aggregates in the empirical application, i.e.
order book variables will be constructed for the first level and one measure aggregating

the other levels (2-5).

5 Empirical results

The empirical results are presented for the differenced INAR(1) model with explanatory
variables at the one minute aggregation level. Estimation results® at the 2, 5 and
10 minute aggregation level revealed that the order book measures do not contribute
significantly (with minor unsystematic exceptions) in explaining price changes at the
higher aggregation levels. The estimations are carried out with CLS and WCLS. For

the WCLS, the conditional variance estimated with explanatory variables is employed.

SEstimations are throughout performed with the RATS 6.0 econometric software.
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Model evaluation against serial correlation in the standardized residuals” and squared
standardized residuals is performed with the Ljung-Box test statistics.® To determine
the optimal lag structure the Akaike information criterion has been used.

In Table 3 and 4 estimation results for the different parametrizations concerning
the order book measures are reported. The first model show that imbalance in the
first levels (between quantities at best bid- and ask-price) of the order book (SW P! ;)
has a significant (at the 5 percent significance level throughout the paper unless other-
wise noted) effect on future price changes. The parameters for the imbalance measure
SW P} | has a significant negative impact on the probability for an price increase and a
positive impact on the probability for a price decrease (remember that A\; = exp(x¢3;)
and 04 = 1/[1 + exp(x¢33)]). This means that when there is a positive skewness in
the order book concerning the first levels (more on the ask-side of the order book) in
the beginning of a period the probability for a decreasing price during the next period
increases. The second model tests whether information concerning imbalance in the
other levels of the order book (SWPt2:15) adds any explanatory power in explaining
future price changes. The parameter estimates indicate that an increase in the mea-
sure (increasing the ask-side in the higher levels of the order book) has a significant
negative impact on the probability of a price increase and increases significantly the
probability of a price decrease. The size of the parameters for S WPtl_l and SWPE:IE’
indicate that imbalance in the first levels of the order book have a larger impact on
future price changes than imbalance in the higher levels. The AIC improves as higher
levels of the order book is included in the model.

Model 3 and 4 in Table 3 report results for similar models but with the change
measures of the order book. The results indicate that changes in the order book
measure (ASWPL,, ASW P?77) significantly (at the 10 percent significance level for
ASWPE:P in the X\ specification) affects future price changes, particularly concern-
ing changes in the first levels. In Table 4 estimation results concerning the weighted

change in order book measures AT'S WPtl_l and ATSI/VPE__I5 are presented (model 5

T2, JVY2(AP|Pi_y).
8The critical value at the 5 percent significance level from the test statistic’s asymptotic distribution,
2 .
X30, 1 43.7.
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Table 3: Results for the Nokia share with explanatory variables estimated by CLS.

Nokia
Model 1 Model 2 Model 3 Model 4

Coeff t-value Coeff t-value Coeff t-value Coeff t-value
A
AP, 01532 -4.99 -0.1564 -6.18 -0.0093 -0.27 -0.0515 -2.24
AP!, -0.0973  -1.56 -0.1052 -2.22 -0.1028 -7.54 -0.0832 -6.01
APP 4 -0.1068 -1.13  -0.1100 -1.37 -0.0950 -4.04 -0.0881 -3.02
AP 4 -0.1084  -1.06 -0.1232  -1.40 -0.2200 -4.27 -0.2138  -2.90
AP! 0.0577  0.97  0.0504  0.90 0.0088 0.78 0.0108  1.21
SWP-_, -6.9985 -11.2 -6.4504 -10.6
SW P2 -0.4268  -6.76
ASWPL, 14752 -7.76  -1.4396  -7.78
ASW PP -0.1978  -1.73
Constant ~ -2.5752 -17.89 -2.3184 -16.3 -0.7093 -7.80 -0.6150 -7.18
0q
APT, 0.1630  -6.65 -0.1608 -7.43 -0.0771 -3.73 -0.0580 -2.46
AP?, -0.0167 -0.44 -0.0218 -0.72 -0.0638 -4.48 -0.0673 -4.90
APZ, 0.0283  -0.63 -0.0278 -0.69 -0.0259 -1.29 -0.0190 -0.88
AP?, 01447  3.29 01445 348 0.2216  3.91 02155  2.72
SWPL, 65479 -12.2 -58709 -11.1
SWPE? -0.1552  -2.12
ASWPL 04277 -2.22  -0.8634 -3.84
ASW P> -0.4821  -3.35
Constant 87727  69.9 85737  63.6 69526  77.0 6.8584  80.2
LB3o 83.7 78.1 68.7 68.0
LB, 50.4 50.0 60.2 63.7
AIC -0.8197 -0.8222 -0.7620 -0.7681

Note: LB3g and LB%O are the Ljung-Box statistics of the residuals and
squared residuals over 30 lags. Residuals are calculated as ét/V1/2(APt|Pt_1).
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Nokia
Model 5 Model 6

Coeff t-value Coeff t-value
A
AP! -0.0876  -7.20 -0.0903  -6.34
AP, -0.0763  -4.63 -0.0731  -4.05
AP 5 -0.0640  -2.27  -0.0840  -2.22
AP, -0.1800  -2.96 -0.2187  -2.63
APY 5 0.0134  1.38 0.0122  1.13
ATSWPL | -1.2469 -4.02 -2.2476  -6.28
ATSW P -1.4416  -5.14
Constant -0.4141  -5.16 -0.3800  -3.64
2
APT | -0.0872  -7.11 -0.0817  -6.61
APZ, -0.0157  -0.85 -0.0158  -0.77
APZ, -0.0098  -0.49  0.0173  0.47
APZ, 0.1848 279  0.2259  2.63
ATSWPL, -09807 -311 -1.4145 -3.71
ATSW P2} -0.2035  -0.79
Constant 6.6646 82.1  6.6307 62.7
LB3g 53.8 58.4
LB3, 90.3 82.0
AIC -0.7506 -0.7580

Note: LB3g and LB%O are the Ljung-Box statistics

of the residuals and squared residuals over 30 lags.
Residuals are calculated as ét/V1/2(APt|Pt,1).

17

Table 4: Results for the Nokia share with explanatory variables estimated by CLS.
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and 6). The use of the weighted measures gives similar estimates as for ASW P} |
and AS WPt2__15. This is to be expected since the measures do not differ that much at
the one minute aggregation level. Estimation on higher aggregation levels (5 and 10
minutes) showed larger effects from using ATSW P than ASW P. The AIC improves
as the levels (2 — 5) of the order book is accounted for (as opposed to only using the
first levels) in all the models.

Table 5 reports estimation results using the weighted standardized spread (WWSS)
and total turnover (7'T") measures given in (8) and (9),( 10), respectively. The parame-
ter estimates for WSS;_1 (model 7) are significant in both the A and 64 specifications.
However, the signs contradict each other and indicate that a marginal increase in the
W SS;_1 measure increase the probability for both a price increase (via \) and a low-
ered price (via 04). The parameter estimate for the total turnover measure (77;—1),
given in model (10), is insignificant and does not explain future price changes.

Table 6 reports the net average marginal effects, i.e. OE(AP;|Pi—1)/0x, of the
order book measures (based on the parameter estimates for models 2, 3, 7 and 8)
calculated according to (4). The effects indicate a price decrease of 1.62 ticks for a
marginal increase in the SW P} | measure (marginal increase in the first level on the
ask side of the order book compared to the first level of the bid side). The effect of a
marginal change in the higher levels of the order book, i.e. in S WPE__P, is more modest
and amounts to a lowered price by 0.08 ticks. The net average marginal effects for
the change in the order book measures ASW P! | and AS WPtQ__l5 are similar decreas-
ing the price with 0.96 and 0.38 ticks, respectively. The net average marginal effects
concerning the total turnover and weighted spread measures are positive (insignificant)
and negative (insignificant), respectively.

Table 7 reports parameter estimates of the time-varying specification of the o given
in (3). Large imbalances (towards the ask-side) in the first level as well as in higher
levels of the order book have a negative significant (insignificant for S WPt2:15) impact
on o?. Positive changes in the previous period both at first and higher levels of the
order book, i.e. ASWP! | and ASWPE:IE’, also significantly lowers o?. The total

turnover measure significantly effects o2 unlike the weighted spread measure. Note
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Table 5: Results for the Nokia share with explanatory variables estimated by CLS.

Model 7

Model 8

Coeff t-value

Coeff t-value

TTEY
Constant
b
APtaf1
N
APZ,
AP?,
WSS;_1
TTY

Constant

LBs3p
LB3,
AIC

-0.0862
-0.0574
-0.0241
-0.0020
0.0111
54.49

-0.9855

-0.1101
-0.0290
-0.0380
-0.0204

-65.43

7.3872

41.6

131.9
-0.3916

-4.38
-3.57
-0.99
-0.05
1.36
8.61

-24.7

-8.13
-1.81
-1.82
-0.49
-11.5

256.4

-0.0898  -4.00
-0.0645  -4.43
-0.0219  -0.76
-0.0089  -0.11
0.0086 0.80
-0.0831  -0.03
-0.2786  -3.21
-0.1170  -6.67
-0.0278  -1.71
-0.0429  -1.92
-0.0234  -0.29
0.8385 0.26
6.5235 75.2
43.8
139.2
-0.3677

Note: LB3q

and LB%O are the Ljung-Box

statistics of the residuals and squared residuals

over 30 lags. Residuals are calculated as
&:/VY/2(AP;|P;_1). The variable TT is
divided by 1000 000 000.
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Table 6: Average net effect of explanatory variables for the conditional mean and
variance for the Nokia share.

Conditional mean Conditional variance

Coeff  t-value™ Coeff t-value*
SWPL, 16201  -13.6 -0.5346 -2.54
SWPXP 00786  -7.01 -0.0793 -1.46
ASWPL | -0.9622 -6.41  -0.1473 -0.58
ASWP?" -03766  -3.63 -0.1009 -0.68
TT?? 1.6808 034 5.7887 3.37
WSS5,_1  -8.7207 -0.70  58.486 6.63

*Standard errors are calculated by the delta method.

Table 7: Estimates of the conditional variance for the Nokia share.

Model 9 Model 10 Model 11 Model 12
o? Coeff t-value Coeff t-value Coeff t-value Coeff t-value
SWPL, 09778 -5.93
SWP2 P 00737 -1.56

ASWP}, -0.6815  -2.93

ASWPEP -0.4009  -3.04

WSS 8.9326  0.91

TT? P 8.5527  4.81
Constant  0.3075  14.0 -0.0902 -4.30 -0.4870 -3.78 -0.3485 -15.9
LB3o 41.2 60.1 91.0 73.8

LB, 0.3 0.3 0.5 0.5

Note: LB3g and LB%O are the Ljung-Box statistics of the residuals and squared
residuals over 30 lags. Residuals are calculated as ét/Vlﬂ(APt’Pt_l). The
variable T"T" is divided by 1000 000 000.
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that o2 is the second part of the full conditional variance given in (2) and that effects
from order book measures also effect through the first moment parameters. The full
average net marginal effects of the order book measures on the conditional variance have
been calculated according to equation (5) and are given in Table 6. The significant net
average marginal effects are given by the SWPL |, T Tf__l5 and WSS, measures. This
means that larger imbalance in the first level of the order book, high total turnover
at higher levels and a larger weighted spread measure effects the conditional variance
negative, positive and positive, respectively. Autocorrelation is present for all models

and have been hard to wipe out.

6 Conclusion

The results indicates that there is informational value in the order book in particular
for the first levels of the bid- and ask-side of the order book. Both the change and
the imbalance measures of the order book significantly explains future price changes.
The effects are most apparent at a low aggregation level (1 minute) while estimation
results for higher aggregation levels (2, 5 and 10 minutes) showed mostly insignificantly
results. For the 2 minute aggregation level results were similar but with fewer significant
parameters concerning order book measures. At the 5 and 10 minute aggregation level
only a few parameters were significant with conflicting signs on the parameters. The
results of the paper indicate that the informational content of the order book is very
short-term. This can be compared to Cao et al. (2004), who found an informational
value of the higher levels of the order book at an aggregation level of 5 and 10 minutes.
The use of the SW P and the ASW P measures gave throughout the empirical analysis
the most robust results, i.e. gave similar parameter estimates, and seem to capture
movements in the order book in a satisfactory way. The use of a discrete time-series
integer-valued modelling framework have given reasonable results and was easy to use

and implement concerning estimation.
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Abstract

This paper studies the impact of news announcements on trade durations in stocks
on the Stockholm Stock Exchange. The news are categorized into four groups and
the impact on the time between transactions is studied. Times before, during and
after the news release are considered. Econometrically, the impact is studied within
an autoregressive conditional duration model using intradaily data for six stocks.
The empirical results reveal that news reduces the duration lengths before, during
and after news releases as expected by the theoretical litterature on durations and

information flow.
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1 Introduction

This paper examines empirically the short-run impact of public news announcements
on trade durations in stocks traded on the Stockholm Stock Exchange in Sweden.
The duration corresponds to the time between two consecutive transactions, and a
transaction refers to a trade between a buyer and a seller of a volume of stocks at a
given price. The news announcements are the news released from one of the leading
news agencies in Sweden. The news announcements are categorized into four categories,
Company /Sector news, EU macro, Swedish macro and US macro, and their impacts

on durations are studied.

The idea to study the duration between transactions originates in the information
based model of Glosten and Milgrom (1985). In this model traders are either informed
or uninformed, with information varying with the value of the asset they trade. Unin-
formed traders mainly trade for liquidity reasons, while informed traders act on their
superior information on the value of the asset. Easley and O’Hara (1992) extend this
model by highlighting the importance of time to distinguish between informed and
uninformed traders. They stress that new information, public or private, to market
participants, leads to increased trade intensity, i.e. shorter durations between transac-
tions. This corresponds to an increased number of informed agents trying to exploit
their new information. The new public information may, e.g., be news announcements
from news agencies or press releases. Indicators thought to carry information of revealed
new information are, e.g., larger volumes than expected and higher price volatility. In
this paper the public news announcement variables are quantified with data from a

news agency that provides economic and financial information in Sweden.

Studies of news arrivals, or from a general point of view the impact of events, may
be assigned to the literature of event studies, e.g., Campbell et al. (1997). Previous
studies have used various proxies for news announcement. Berry and Howe (1994)
use the number of daily newspaper headlines and earning announcements. Ederington
and Lee (1993) study macroeconomic news and Mitchell and Mulherin (1994) exam-

ine stock market announcements. More recent studies are Bollerslev et al. (2000)
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with macroeconomic news, Bauwens et al. (2005) who use headlines released on the
Reuters news alert screen and Kalev et al. (2004) who employ firm specific announce-
ments. These previous studies have mainly focused on news announcements impact
on returns and volatility in securities, rather than on durations. However, there is a
link between trade durations and price formation. For example, Grammig and Wellner
(2002), Dufour and Engle (2000) and Engle (2000) study the interdependence between
intradaily prices, price volatility and trade durations. Dufour and Engle (2000) find
that as the time between transactions become shorter the speed of price adjustment
increases. This suggests that an active market with short durations demonstrates pres-
ence of informed traders. Consequently, publicly released news announcements that
contains price driving information may not only reduce duration lengths but may also
affect prices. In this paper we concentrate on trade durations to detect the presence of
informed traders after news releases. As far as we are aware this is the first empirical
study of the impact of news arrivals on durations.

News announcements are sometimes unanticipated, while in other instances both
content and timing are expected. News announcements may therefore have an impact
on durations both before and after the actual news are released. For the expected
news announcement, e.g., scheduled announcements as annual reports and macro fig-
ures, an increased trade activity (shorter durations) before the news may be due to
price speculations about the information in the announcement. Trade activity after
news announcements may be present both for the expected and unanticipated news
announcements. The increased trade activity may be due to, e.g., the incorporation of
the new information into the price.

For practitioners it may be of interest to study duration dynamics in relation to
unanticipated news releases. According to the definitions of the efficient market hy-
pothesis a market is efficient if current and important information are freely available
to all market participants. Hence, the use of nonpublicly released price driving informa-
tion, or insider trading, is prohibited in most countries, e.g., in Sweden by the Market

Abuse Penal Act.! A possibility for the authorities to monitor violations of the law may

L www.fi.se
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be to study the duration dynamics. An increased trade intensity before unscheduled
and unanticipated news announcements may be due to leaks of insider information.
By analyzing durations before unscheduled and unanticipated news releases it may be
possible for the authorities to look for leaks and abuse of insider information.

The study of the impact of news on durations econometrically is based on the
autoregressive conditional duration model (ACD) of Engle and Russell (1998). The
model is useful for irregularly spaced time series data and may also be used for testing
hypotheses about sources of clustering of short durations (e.g., Bauwens and Giot, 2001;
Engle and Russell, 1998). The categorized news are incorporated as dummy variables
in the mean function of the ACD model. The dummy variables represent intervals of
before, during and after the news announcements. Consequently the impact of news
releases on durations before, during and after the news announcements can be studied.

The outline of the paper is the following. Section 2 presents the data. Section
3 presents the ACD model with details concerning estimation, followed by Section 4

where the empirical results are presented. The final section discusses and concludes.

2 Data

2.1 Stock transaction data

The transaction data were downloaded from Ecovision (www.ecovision.se), a provider
of real time financial information from the Stockholm Stock Exchange, and later fil-
tered by the author. The Stockholm Stock Exchange is an order driven market, i.e. no
market maker is involved, traders enter sell or buy orders to the order book, visible to
all market participants. The database covers June 7 to August 26, 2005, with open-
ing hours 0930 to 1730. Seven days are missing due to technical problems during the
summer holiday, from August 9 to August 18. The database contains every transaction
with associated spread, price and traded volume, recorded on a second scale. The open-
ing and closing procedure at the Stockholm Stock Exchange determines the opening
and closing price for the day and is not regular trading. As we only consider regular

trading the first and last 15 minutes of the trade day is deleted. Six stocks were simul-
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taneously downloaded and recorded. The stocks are; Ericsson, Nordea, SCA, Skanska,
TeliaSonera and Volvo. The stocks are active in different lines of business. Ericsson
is a provider of telecommunication equipment, Nordea is a banking company, Volvo
manufactures among other things trucks and buses, SCA produces paper and hygiene
products, Skanska is a construction company, and TeliaSonera is a telecommunication
company.

The six selected stocks are presented in Table 1 with associated descriptive statistics.
All stocks are among the most traded stocks on the Stockholm Stock Exchange. Table
1 shows that Ericsson is the most traded among the selected stocks, followed by Volvo,
TeliaSonera, Nordea, SCA and Skanska in that order.

One feature of transaction data is the diurnal pattern of duration lengths (e.g.,
Bauwens et al. 2002; Engle and Russell, 1998). Especially after the opening and prior
to the closing of the market the trade intensity is high, i.e. shorter durations, and
around the lunch-hour the trade intensity is lower, i.e. longer durations (Simonsen,
2005). Several suggestions of how to account for a potential diurnal pattern have
been considered. Engle and Russell (1998) suggest the use of time adjusted durations
d; = D;/¢;, where D; is the duration from the data and ¢, is a cubic spline with nodes on
each hour defined as the expected duration conditioned on the time of day. Obviously,
any other flexible function may be used to capture the intraday seasonality in addition
to the cubic spline function (e.g., Bauwens et al. 2002). The adjusted duration d;
is used for estimation. By using d;, autocorrelations are reduced when compared to
unadjusted durations, D;. Still, auotocorrelations are high in the adjusted durations.
The deseasonalizing procedure is also used for the explanatory variables used in the

estimations.

2.2 News announcement data

The news announcement data consist of news messages released from the news agency
Direkt (www.direkt.se). We only consider news announcement data that coincide with
the stock transaction data, i.e. from June 7 to August 26, 2005, and opening hours

0945-1715.
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Table 1: Summary statistics of the durations. The figures reported are measured in
seconds.

Mean Std. Min Max Nr obs

Ericsson 8.9 18.7 0 351 184292
Nordea 35.2 74.8 0 1415 40780
SCA 37.3 79.6 0 1491 38487
Skanska 45.0 91.1 0 1489 31941
TeliaSonera  26.0 59.7 0 1048 55209
Volvo 22.7 51.6 0 936 63581

The distributed news are related to Swedish financial markets and include stock spe-
cific news, national and international economic macro news, forecasts and expectations
in the market. The first release after a news event is a short summary in a so-called
flash. It consists of a few sentences and is supposed to be quick and to provide im-
portant information to investors. Only information concerning the most important
news events is distributed through a flash. A news flash is followed, within a couple
of minutes, by additional and more detailed information. The news flash releases are
recorded on a minute scale. The news flash releases are rounded to the nearest integer
minute, i.e. recorded seconds s € [0, 29] are assigned to the previous integer minute, and
seconds s € [30,59] are assigned to the following integer minute. The announcement

with additional information is recorded on a second scale.

To capture the effect of different kinds of news, the news data from Direkt are
categorized into four groups. Table 2 gives both the frequencies of the news flash and
the following additional news releases in the different categories of news. The first
group contains both company and sector specific news. The company news contain
news directly concerning the company. The sector news are related to companies in
the same sector or news related to the sector itself. The three following groups, US,
FEuropean and Swedish macroeconomic news contain, e.g., employment reports, price
indices, GDP reports and other important macro figures from the different regions.
Other studies using categorized news announcement data are, e.g., Bauwens et al.

(2005) and Bollerslev et al. (2000) with macro news announcement, and Kalev et al.
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Table 2: Number of news announcements in the different news categories.

Company /Sector news
Ericsson Nordea SCA Skanska TeliaSonera Volvo

Company /sector flash 62 30 67 18 17 26
Company /sector, additional info 32 21 28 16 14 9
Macro news
US macro flash 127
US macro, additional info 79
Eu macro flash 143
Eu macro, additional info 103
Swe macro flash 148
Swe macro, additional info 69

(2004) who employ firm specific announcements.

3 Model and estimation

The impact of news announcements is studied within the autoregressive conditional
duration model (ACD) of Engle and Russel (1998). For this purpose dummy variables
of before, during and after a news announcement are created.

First, we start by presenting the ACD model and a functional form extension of
Bauwens and Giot (2001). Let d; = t; — t;—1 be the duration between transactions at

times ¢; and ¢;_1 and the conditional expected duration
0; = 0i(di-1,...,d1;z) = E(d; |di-1, ..., d1; 7).

The conditional expected duration may be parameterized as suggested by Engle and

Russell (1998) in a linear form
P q
0, =w+ Z OZjdz;j + ZBJOH- + ’Y/:Ei,1
j=1 J=1

where 6; is specified in such a way that ¢, = d;/6; is independent and identically

distributed. This is called an ACD(p, ¢) with p duration lags and ¢ lags in the expected
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duration and x contains explanatory variables such as price and volume. A useful
variant of the original ACD model is the log-ACD of Bauwens and Giot (2001). The

extension ensures that expected durations remain positive:

P q
Oi=exp |w+ Y oydij+ Y BjInb; j++2i
j=1 j=1

Dummy variables for the news announcements are added as explanatory variables.
The dummy variable for a news announcement flash is denoted NZ{ -, Where ¢ indicates
the news type and 7 is used to indicate the interval before, during or after the news
announcement (see Figure 1). The durations considered in the intervals are completed
ones, i.e. the terminal point of the durations are in the observation window. Ni{c o is equal
to 1 if a news flash is released during the interval and zero otherwise. Ni{c _, and NZ{ 1
are dummies for the intervals before and after a news flash announcement, respectively.
Empirically, the dummies represent observation windows equal to five minutes before
the announcement and ten minutes after the news announcement. Other lenghts of the
observation windows were also considered, see next section. The observation window
during which the news arrives, NZ{ o» 1s equal to 1 minute. The total observation window
during and around the news announcement is 16 minutes. To consider the impact of
more than 1 news flash announcement of type ¢ during the observation window the
dummy Nz{ Fo1 18 equal to 1 if the number of news flash announcements is larger than
1 and zero otherwise.

The impact of the news announcement with additional information, released after
the news flash, is considered with a dummy variable (see Figure 1). The dummy A; ; for
the additional information is equal to 1 if additional information is released of type ¢ and
zero otherwise. The lengths of the observed interval after the additional information,

A;1, is equal to 5 minutes.

We may determine the percentage change in the conditional mean duration of a

change in the discrete valued dummy variable Nif ~- Denote the expected mean duration
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News Additional
flash information
N i Nfi,O NFig Ail

= = —

Time

Figure 1: Illustration of the dummy variable structure during and around the news
flash and additional news arrivals.

E(di|Ni{T = 0) as the base level and E(di|Ni{T = 1) as the mean duration when a news
announcement is released during the interval 7. The percentage change, P/ of a news

flash is then ; ;
E(d;|N; . =1)— E(d;|N; . =0
pr o BN, =1) — B@INY, = 0)

o E(d;|N{, = 0)

The x vector of explanatory variables also contain price, volume and spread.

4 Empirical results

The empirical results are reported for the log-ACD model with explanatory variables.
To determine the lag structures we utilize the AIC criterion and for the estimation
of parameters we apply the quasi maximum likelihood (QML) estimator based on the
exponential distribution (e.g., Engle and Russell, 1998).

The results are presented in Tables 3-5. Table 3 reports the estimates of the dummy
variables before, during and after the news flash and the dummy variable of the addi-
tional news announcement. Table 4 reports the impact of more than one news flash
announcement and the effects of the explanatory variables traded volume, spread and
changes in price.

Although not reported in Table 3 but part of the estimates, the parameters «,
of lagged durations and 3, of lagged expected durations are significant with a few
exceptions. Exclusion of the insignificant parameters were also considered, though

such a specification is not minimizing the AIC. The 3 estimates are significant and
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throughout smaller than one.

Before discussing the individual parameter estimates reported in Table 3 of the news
announcement variables of before, during and after the news announcement we may test
if the news announcement dummy parameters are jointly significantly different from
zero, i.e. if the news variables jointly add explanatory power to the model. A likelihood
ratio test is applied for this purpose. It is found that the added news announcement
dummies are jointly significantly different from zero for all results. The result holds both
when including and excluding the explanatory variables volume, spread and changes in
price.

Next, we consider the individual parameter estimates in Table 3. As Easley and
O’Hara (1992) claim that new information increases the trade intensity, the expected
impact of news before, during and after the release is a reduction of durations, i.e.
higher trade intensity. Consequently the expected sign of the parameters of the news an-
nouncement dummies is negative. The impact before the news release may be caused by
scheduled and anticipated news releases. We find significant results with the expected
negative sign for, e.g., US macro news for Ericsson and SCA and Company/Sector
news for Ericsson, TeliaSonera and Volvo. The parameter estimates imply that the
expected durations lengths are shortened by 5.3 and 2.1 percent for TeliaSonera and
Ericsson, respectively, prior to Company /Sector news. The rest of the significant and
negative estimates all shorten the durations by less than 5 percent. We find significant
and negative parameter estimates also for the 1 minute intervals where the news arrives
of, e.g., EU macro news for Ericsson and Nordea and Company /Sector news for SCA,
Skanska, Nordea and TeliaSonera. It seems that Company/Sector news reduces dura-
tion lenghts, e.g., for Skanska by 19 percent, Nordea by 42 percent and for TeliaSonera
by 24 percent.
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For the 10 minute observation window after the news announcement the findings
are seven negative and significant estimates. These reflect US macro news for Ericsson,
TeliaSonera and Volvo, EU macro news for Ericsson, Skanska and TeliaSonera, and
Company /Sector news for TeliaSonera. In particular, the macro related news from US
and EU seem to influence durations negatively. The relative reduction in durations is
at most 10 percent for the negative and significant estimates of the observation window

after the news announcement.

Considering the effect of additional information, i.e. the more detailed news release
after the first short and rapid news flash, the plausible impact is a reduction of durations
if the additional news release contains important information in additional to the news
flash. The sign of the coefficients corresponding to A; ; in Table 3 is therefore expected
to be negative. This is also found for, e.g., additional Company/Sector news for SCA,
Nordea and TeliaSonera. Also, for SWE macro news negative and significant estimates
are found for Skanska and TeliaSonera. Additional US macro news reduces durations
for Skanska. These additional news shorten durations by 10 to 25 percent.

Reported in Table 4 is the effect of more than one news flash during the 16 minutes
observation window. More than one news flash of the same type during the observation
windows may originate from important and complex events. If more than one news
flash indicates important news events we expect the impact of more than one news flash
to additionally reduce durations. Consequently the expected sign is negative. Negative
and significant results are found for, e.g., US macro and SWE Macro news for Skanska
and Company/Sector news for and TeliaSonera. A majority of the estimated parameter
signs of Company/Sector news are negative but insignificant while for the other news

categories a large proportion is positive and significant.

The estimates for traded volume, spread and changes in price are also presented
in Table 4 and show negative significant estimates of traded volume while significant
positive ones for spread and changes in price. That is durations are reduced after
large traded volumes and durations are shorter after negative changes in price. Due

to numerical problems during estimation, price change is excluded in all estimates for

SCA.
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Table 4: The impact of more than one news flash announcement during the total length
of the observation windows (5+1+10 minutes) for different news categories (columns
1-4). Estimation results of the explanatory variables (columns 5-7).

US Macro EU Macro SWE Sector/ Traded vol Spread Price
Macro Company change
Ericsson -0.004 0.007***  0.001 -0.005 -0.001***  0.0003 0.048
Nordea 0.019 0.032 0.057* -0.031 -0.0009%**  0.258%***  (.203%**
SCA 0.0009 0.006** -0.001 -0.004 -0.0003*** 0.0002 -
Skanska -0.112%%%  .0.072%* -0.192%%* 0.065 0.002 0.156%***  0.181%**
TeliaSonera 0.063*** 0.058***  -0.017 -0.098*** -0.002%%*%  0.163***  1.920%**
Volvo 0.002* 0.002 0.004* 0.002 -0.0003** 0.004** -0.002

Notes: The symbols *** ** and * indicate significance at 1%, 5% and 10% levels, respectively.

Standard errors are the robust standard error.

Table 5 summarizes the estimation results for the different news categories, i.e., US
macro, EU macro, Swedish macro and Company/sector news. The first and second
column reports the impact of the news announcement before and after the announce-
ment, respectively. The third column reports the difference between the parameters of
before and after news releases. The total sum of the coefficients of the news windows
before, during and after the news releases, totally 16 minutes, is reported in the fourth

column.

The expected sign of the parameters reported in the first and second column is, as
discussed above, negative. The difference between the parameters reported in column
three assesses the relative effect between before and after news releases. A positive
sign indicates that durations in the observation window before the news release is
shorter relative to the durations in the observation window after the news release. The
estimates of the difference between before and after the news are both negative and
positive. However, for Company/Sector news a major part of the estimates are positive
indicating longer durations after the news releases relative to the length of the durations

before the announcement.

The total sum of the coefficients of the news windows before, during and after
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the news releases is reported in the fourth column. We may test if the parameters
in the fourth column is less than zero. Rejection implies that news announcement
prolongs duration lengths. The results indicates that news have a negative impact
on durations for the total observation lengths. Particularly Company/Sector news
influence durations negatively. We find shorter durations of Company/Sector news for
SCA, Nordea, TeliaSonera and Volvo. Also EU macro news for Nordea significantly
reduces the durations.

Other lenghts of the observation windows than 5 minutes of before, 1 minute during
and 10 minutes after news releases were utilized and evaluated. However, both shorter
intervals, 30 seconds, 1 minute and 3 minutes and longer intervals, 10 and 20 minutes
results in less number of significant parameters, although, both shorter and longer

observation windows also results in significant parameter estimates.
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Table 5: The impact of news before, after and the total effect of news announcements
for the different stocks and news categories.

Ni{—l Ni{l sz _sz,—l 271':—1 NZ{T

US Macro
Ericsson -0.013*** -0.006** 0.007* -0.009
Nordea -0.025 0.015 0.040 0.347#%*
SCA -0.011*** 0.005 0.017** -0.011
Skanska 0.178%%* 0.089*** -0.089 0.281*
TeliaSonera 0.016 -0.042** 0.058** -0.011
Volvo 0.004* -0.004*** 0.009 0.002

EU Macro
Ericsson -0.003 -0.012%** -0.009*** 0.037*%*
Nordea -0.028 0.035%** 0.063** -0.186***
SCA 0.005* 0.001 0.005 -0.002
Skanska -0.007 -0.069** -0.062 -0.026
TeliaSonera -0.021 -0.062*** 0.042* 0.018
Volvo -0.004 0.0005 0.004 0.004

SWE Macro
Ericsson 0.002 -0.003 -0.005 0.019
Nordea 0.125%%* -0.010 -0.135%** 0.733***
SCA 0.0002 0.004 0.003 -0.020%*
Skanska 0.322%** 0.149*** -0.173%** 0.624***
TeliaSonera 0.078%** 0.118%** 0.040 0.096
Volvo -0.003 -0.003 0.000 -0.006

Company /Sector news

Ericsson -0.0217%%* -0.002 0.019%*** 0.011
Nordea 0.027 0.123%*** 0.097** -0.395%**
SCA 0.015%** 0.0006 -0.015%** -0.029%**
Skanska 0.029 -0.070 -0.099 -0.258
TeliaSonera -0.054%%* -0.043%** 0.016 -0.369%**
Volvo -0.020%** 0.005 0.025%** -0.020%*

The symbols *** ** and * indicate significance at 1%, 5% and 10%, respectively.
Standard errors in the first and second column are the robust standard errors.
The standard errors reported in the third and fourth column are from the
chi-squared distributed Wald statistics.
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5 Discussion

This paper examines the impact of news on durations in stocks traded on the Stockholm
Stock Exchange in Sweden. The news are categorized into four groups and added as
explanatory variables to the autoregressive conditional duration model. The dummy

variable structure captures the impact before, during and after the news.

The dummy variable structure of before, during and after the news announcement
seem to capture news announcements impact on durations. We find increased trade
activity before, during and after news releases. In the current sample the relative
reduction in mean duration before the news announcement is less than 5 percent. The
impact around the news release of for example Company/Sector related news shortens
durations by 20 to 40 percent. After the news release mean durations are at most
reduced by 10 percent. The results indicates that particularly during the news release
the durations are reduced. After the news release the durations are shortened by at

most twice as much as before the news release.

The cause of reduced durations before the actual news releases may originate from
anticipated news releases, while the significant result of the impact during and after
the news release may be due to both anticipated and unanticipated news events. The
support is strong for Company/Sector related news, while weaker for macro related
news, although, we find significant results also for macro news. The result supports the
predictions of Easley and O’Hara (1992) of shorter durations in connection to news.
Recent studies also find significant impacts of news announcements, e.g., Bollerslev et
al. (2000) and Bauwens el al. (2005) for macro news, Kalev et al. (2004) for firm

specific news. These studies are concentrated with the impact on price volatility.

The result indicates that detailed Company/Sector news and to some extent also
macro news followed after a brief news flash reduces the durations. Accordingly, addi-
tional Company/Sector news contains important information to market traders. The
results show weak support for Company/Sector news releases reducing the durations.
Consequently, several news flash releases do not contain additional information reducing

the expected durations.
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Considering the link between durations and price volatility we may expect the
news announcement to also affect volatility. To asses this feature we utilize a AR(1)-
GARCH(1,1) model with one minute aggregated price data. The news announcement
dummy variables are added as explanatory variables to the model. The findings are
significant estimates of the news announcements. In the case of Ericsson, Nordea,
SCA, Skanska, TeliaSonera the significant estimates are mainly of the interval after the
news announcement. Consequently, it seems that volatility is affected mainly after the
news announcement while the durations are affected also before and during the news
announcement. This may be the result of uncertainty prior the news announcement that
results in trading but not in price movements. After the release of news and possible
price driving information durations as well as the market price may be affected, i.e.,
the volatility is increased. One suggestion for further analysis of the relation between

news releases, durations and volatility may be to model the variables simultaneously.
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