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German Abstract

Die vorliegende Arbeit gibt einen Überblick über verschiedene Ansätze zur ökonometri-

schen Modellierung des Richtungsprozesses eines Aktienpreises auf Transaktionsebene.

Hierbei werden drei verschiedene Klassen ökonometrischer Modelle zur Modellierung

verwendet: das von Russell und Engle (2005) vorgeschlagene ACM - Modell, ein Probit-

Modell mit einem ARMA-Prozess als latenter Variable und verschiedene stationäre und

nichtstationäre Spezifikationen von Markov-Ketten. Diese werden auf Transaktions-

daten verschiedener Aktien angewendet, die an der New Yorker Börse notiert sind.

Die Berücksichtigung zusätzlicher Marktmikrostrukturvariablen bei der Modellierung

liefert Ergebnisse, die insgesamt eine intuitive Richtung aufweisen und mit der Theorie

zur Marktmikrostruktur in Einklang gebracht werden können.

Neben der Modellierung steht der Vergleich der nicht genesteten Modelle im Vorder-

grund, welcher in erster Linie auf Basis von Non-nested Tests geschieht. Dabei werden

zwei Verfahren angewendet, die zuvor in einer allgemeinen Einführung in die Theorie

der Non-nested Tests vorgestellt werden, ein Score Test von Santos Silva (2001) und

der modifizierte Likelihood Ratio Test von Cox (1961).

Die Ergebnisse der Tests deuten darauf hin, dass die Modelle zur Anwendung auf Rich-

tungsprozesse weiter verbessert werden müssen. Während verschiedene Eigenschaften

der ursprünglichen Datensätze, wie zum Beispiel die Struktur der Autokorrelations-

funktion, erfasst werden können, liefern die Modelle keine befriedigende Schätzung der

diskreten konditionalen Verteilungsfunktion des Richtungsprozesses.

Eine Untersuchung von Auswirkungen der Verringerung der Mindestkursschwankung

auf den Richtungsprozess zeigt, dass der Anteil der Transaktionen ohne Preisänderung

deutlich abnimmt. Desweiteren wird deutlich, dass die Geld-Brief-Spanne nach der

Reduktion einen deutlich geringeren Zusammenhang mit dem Richtungsprozess und

damit indirekt auch mit der Volatilität aufweist.

iii



Chapter 1

Introduction

Over the past 20 years the analysis of transaction price data has evolved as one of the

main fields in empirical finance. The idea to describe the transaction price process of

a security by the framework of an econometric model has attracted much attention.

Econometric research has come up with different suggestions how to model a transaction

price process. These models usually are based on the idea to decompose a multivariate

probability density function of a price process into conditional and unconditional den-

sities. This approach is for example incorporated in the models by Russell and Engle

(2005), Rydberg and Shephard (2003) and Pohlmeier, Liesenfeld and Nolte (2005). For

the different components such as durations, trading volumes or price changes, different

models have been proposed in the recent years. The Rydberg and Shephard (2003)

model and the integer count hurdle model by Pohlmeier, Liesenfeld and Nolte (2005)

decompose the process for stock price changes into different components which describe

the price direction of the process and the absolute price change. While the integer count

hurdle model describes the direction process with three categories representing a price

increase, no price change and a price decrease, this process is further decomposed in the

Rydberg and Shephard (2003) approach with one binary component indicating whether

a price change occurs and another binary component indicating whether the price goes

up or down.

In this thesis we want to follow the approach in Pohlmeier, Liesenfeld and Nolte (2005)

and compare different existing models to estimate probabilities for three possible out-

comes of a direction process. The thesis presents three different classes of models which

are suited to model discrete processes, namely the autoregressive conditional multino-

mial (ACM) model, probit models and different specifications of Markov chain models.

The models were not chosen because their specific structure is reflecting any microeco-

nomic theory, but because of suitability from an econometric point of view.

The approaches have been used to model financial transaction data in earlier works.

While the ACM model is presented by Russell and Engle (2005) in the context of the

autoregressive conditional duration model as an extension to model price transition

probabilities and arrival times of transactions jointly, the other models were not specif-

ically developed for financial applications. The probit model is a classical approach to

1



CHAPTER 1. INTRODUCTION 2

model quantal responses in different settings and was first transferred to applications

with transaction data by Hausman, Lo and MacKinlay (1992). Markov Chain models

in different specifications have been a classical approach to model transaction data.

Niederhoffer and Osborne (1966) already use Markov chain models on transaction data

to show systematics in the data resulting from investors who tend to place orders at

integer values and halfs.

The empirical framework of this thesis is based on transaction data of the New York

Stock Exchange (NYSE) from January to February 2001. Therein the models are fitted

to the data and the estimation results are further characterized. The discrimination

between these models and their assessment in our application are a main focus of

this work. Since the models are examples for non-nested models we present different

approaches to distinguish between these kinds of models using non-nested tests. There-

fore an introduction to the theory of non-nested hypothesis testing is presented and

two types of non-nested tests are applied to our estimation results, namely a score test

proposed by Santos Silva (2001) and a modified likelihood ratio test suggested in the

seminal work by Cox (1961).

In a further application changes in the price direction process following a reduction of

the minimum price variation at the NYSE are characterized. Impacts of the reduction

on different market microstructure variables are discussed and the consequences for the

price direction process are examined.

The remainder of this thesis is organized as follows, Chapter 2 gives an overview over

the market mechanisms at the NYSE and over related theoretical background on mar-

ket microstructure including an introduction to the literature on the effects of tick size

changes. The econometric background and the models used in the empirical part of

the work are described in Chapter 3. The theory of different approaches to non-nested

hypothesis testing may be found in chapter 4. Chapter 5 contains the empirical part

of the work where we apply the econometric models to price direction processes. We

further compare the models using non-nested tests and find some evidence for tick size

effects. Chapter 6 concludes the thesis. Appendix A contains a list of abbreviations

used in the text, Appendix B summarizes the estimation results in tables and figures.



Chapter 2

The NYSE and Market Microstructure

2.1 Trading at the NYSE

In this section we want to describe the trading mechanism at the NYSE. We follow the

presentations in Hasbrouck, Sofianos and Sosebee (1993), O’Hara (1995) and Bauwens

(2001). This description of the NYSE trading mechanism is not complete by far,

however, we wanted to give a brief description of the institutional setting which might

help in the later empirical framework.

The NYSE was founded in 1792 and currently is the world’s biggest stock market with

about 2800 listed firms and an average daily traded volume of about 42.3 billion USD

in 20011. The opening hours of the NYSE in 2001 were from 9:30 a.m. to 4:00 p.m.

Eastern Standard Time from Mondays to Fridays except for holidays.

The NYSE is a representative of a price driven market which is based on the existence of

a market maker for each traded security. The market maker has to provide liquidity to

the market. At the NYSE the tasks of the market maker are fulfilled by specialists who

are members of the NYSE. The trading at the NYSE normally follows a continuous-

auction mechanism. At every time the specialist has to post quotes at which he is

willing to buy (at the bid price) and to sell (at the ask price) and the according volumes

(depths) at the bid and at the ask. All arriving orders enter the limit order book of the

specialist either manually or electronically via different systems. The minimum price

variation between two possible prices is called the tick size while the difference between

the ask price and the bid price is known as bid-ask spread. Since the market makers

physically trade the securities and do not just pass them through to other traders which

would like to take on the opposite positions, they bear the risk of holding inventory

and potentially losing money on it. The market makers are reimbursed for this risk by

the bid-ask spread and by information on the whole limit order book. This information

in general is not available for the public and therefore may be used by the specialist

to profit from the informational advantage. The specialists are as well responsible for

price continuity which means that prices should move in small increments2. Further

1The data is drawn from the NYSE Fact Book 2001, NYSE(2002).
2Continuity is further ensured by rules on limit moves also known as “circuit breakers” which may
lead to trading halts. Additionally, there exist restrictions on index arbitrage in case of large market
movements, see Hasbrouck, Sofianos and Sosebee (1993).

3



CHAPTER 2. THE NYSE AND MARKET MICROSTRUCTURE 4

specialists shall ensure price stability of the stocks and should not contribute to market

movements, which leads to restrictions on the ratio of “stabilizing trades”3. Restrictions

on short-selling which is only permitted on a down or zero-down tick are intended to

contribute to price stability as well.

There are several exceptions in the handling of different orders in different market

conditions. The first trade of each day follows a mechanism that is different to the

normal mechanism of the trades during the day. The so-called opening call auction

creates a market-clearing price for the aggregated on-open and limit orders. If the sell

and buy orders cannot be perfectly matched, the market maker either matches the

imbalance with his inventory or offsets it against the existing limit orders. Small orders

are treated different as well. The minimum size of a regular order is normally 100

shares. Smaller orders or the non-round portion of a bigger order are called odd-lot

orders which are normally executed automatically against the specialist’s inventory at

the current best quote4.

These examples of different trading rules for the first trade of the day and for the

handling of odd-lots and the importance of the limit order book show that the NYSE

also has some features of an order driven market. The trading mechanism is also

governed by several other rules and regulatory settings which we cannot depict as a

whole but we have to keep in mind that all these mechanisms determine the equilibrium

behaviour of prices.

2.2 Market Microstructure Theory

In this chapter we want to give a brief overview over the literature on market mi-

crostructure theory and try to link it to our problem of forecasting price directions.

The review of the whole literature on this research field would go beyond the scope

of this introduction, for comprehensive surveys we refer to O’Hara (1995), Madhavan

(2000) or Biais, Glosten and Spatt (2005). However we want to give some theoreti-

cal foundation which may help to interpret our empirical results. While in the earlier

works on market microstructure the focus is on a monopolistic market maker, more

recent literature theory can be segmented into three main strands: inventory models,

information based models and strategic trader models.

The first important work we want to mention was that of Demsetz (1968) who exam-

ined the price setting process in securities markets with a focus on transaction costs.

He argues that to offset imbalances in the supply and demand of securities, costs of

immediacy have to be paid in order to induce additional supply or demand. Another

model was suggested by Garman (1976) and further developed by Amihud and Mendel-

sohn (1980) who assume a monopolistic risk-neutral market maker who sets prices in

3See, Lee and Ready (1991).
4A more detailed description of odd-lots handling may be found in Hasbrouck, Sofianos and Sosebee
(1993).
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order to avoid failure in his task to provide liquidity on the sell and buy side of the

market.

Inventory models normally assume a risk-averse market maker who takes part in the

transaction process and therefore tries to optimize his inventory position in order to

manage his inventory risk. Stoll (1978) presents a model where a participating market

maker sets different prices to buy and to sell in order to be compensated for the devia-

tion from his own optimal portfolio while, Ho and Stoll (1981) extend these ideas to a

multi-period model. These early models already give rise to the existence of a bid-ask

spread and a bid-ask bounce.

Information based models rely on risk-neutral market makers who face traders with

different information sets. Normally, two different kinds of traders are assumed, in-

formed and uninformed traders. Informed traders know the actual value of the traded

security and want to buy if the current price is lower than the fair value, they want to

sell if the current price is higher. The market maker loses on trades with these kind

of traders, while he must offset this loss when trading with uninformed traders. The

model by Glosten and Milgrom (1985) interpret every trade as a signal of information

and the resulting price process follows a Bayesian updating mechanism.

Strategic trader models are based on the characteristic that single informed traders

have to answer the question how to use their own informational advantage to maximize

their profits. More comprehensive models of this kind allow the uninformed traders to

act strategically as well. The first model using these kinds of arguments was suggested

by Kyle (1985) in which a single informed trader maximizes the value of his private

information. There are several models which try to find solutions for optimal timing

and composition of trades. The model by Easley and O’Hara (1987) suggests that

informed traders tend to be responsible for larger transactions. These transactions are

noticed by the uninformed traders with the result that the price reacts more sensitively

than for smaller orders. The model implies that high volumes lead to higher market

volatility. The model by Diamond and Verrecchia (1987) implies that if constraints

on short-selling exist, long durations indicate the existence of bad news in the market,

since informed traders are not able to use their information. Therefore long durations

should lead to a higher volatilities and a tendency towards a downward price movement.

The model suggested by Easley and O’Hara (1992) leads to an opposite position, they

argue that a high transaction rate stems from a high share of informed traders in the

market which leads to higher sensitivity in price reactions.

We now want to turn to some aspects of the price discreteness at stock exchanges which

comes along with the fact that usually for traded securities there exists a minimum price

variation, the tick size.
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2.3 Change of Tick Sizes at the NYSE

The New York Stock Exchange historically had a fractional pricing system for all stocks.

Stocks are restricted to be priced at multiples of the minimum price variation which

traditionally was equal to eighths of a Dollar (USD) for normal stocks5. Regulations

on minimum price variations directly affect both the prices and the minimum bid-ask

spread that may be quoted. This may as well influence the number of shares offered

at the bid and at the ask. The minimum price variation has been changed twice in the

last ten years. First, it was reduced from 1
8

USD (= 0.125 USD) to 1
16

USD (= 0.0625

USD) on June 24, 1997. Then the NYSE changed the pricing system on January 29,

2001 to a decimal system with a mimimum tick size of 0.01 USD which means that the

minimum price variation has been decreased by 84% in January 2001. This allows for

higher flexibility in the determination of transaction prices, bid and quote prices and

therefore the spread, which might increase market efficiency.

The subject of tick size changes has been studied extensively in the past. Previous

literature has made predictions on the impact of a change in the minimum price varia-

tion and has delivered empirical evidence from different securities markets where such

a change has occurred. In this context, we do not want to present the whole litera-

ture on minimum price variations but we want to mention some of the most important

contributions. For a survey on the tick size literature we refer to Harris (1997). The

research made predictions which lead into opposite directions, one strand of the liter-

ature argues that a reduction in tick sizes leads to a reduction in the bid-ask spread

due to competition and therefore increases market liquidity6. A second strand argues

that while liquidity demanders profit from decreasing spreads, the liquidity providers

face higher costs as they are reimbursed with a lower spread, this could decrease their

willingness to provide liquidity to the market7.

Harris (1991) argues that a small possible range of tick sizes reduces the amount of

negotiation costs while a small tick size could enforce price competition by allowing

traders to quote bid-ask spreads as narrow as they want. Prior to the reductions in the

NYSE tick sizes in 1994 from 1/8 USD to 1/16 USD, Harris (1994) predicted that bid-

ask spreads would fall, the cumulative depths would decrease and the traded volumes

would increase. Several studies concerning tick size changes at different stock exchanges

delivered empirical evidence which supports this prediction. Van Ness, Van Ness and

Pruitt (2000) found that spreads at the NYSE, AMEX and Nasdaq decreased after

tick size has been reduced. They report empirical evidence that the quoted depths

decrease at the NYSE and AMEX but increase at Nasdaq. Overall volume on the

NYSE increases as well which cannot be confirmed for AMEX and Nasdaq. The work

5Stocks with a price of less than 1
2 USD, had a minimum price variation of 1

32 USD, stocks with a price
between 1

2 USD and 1 USD had a minimum price variation of 1
16 USD.

6See, e.g. Ricker (1997).
7See, e.g. Harris (1997) or Brown (1991).
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of Ahn, Cao and Choe (1996) shows that the reduction of minimum price variation at

the American Stock Exchange (AMEX) in 1992 led to reduced spreads as well.

In a theoretical model, Seppi (1997) shows that a small tick size leads to lower cumu-

lative depths in the limit order book and further states that investors trading large

orders have a higher optimal tick size than investors trading small orders. Goldstein

and Kavajecz (2000) show empirical evidence from NYSE data that after a reduction of

the minimum price variation in 1994 cumulative depths are reduced over the limit order

book and therefore the execution costs for smaller orders decrease but the execution

costs for large orders increase. Jones and Lipson (2001) confirmed these insights with

empirical evidence from the tick size change at the NYSE and on Nasdaq in 1997. The

issue of decimalisation of the pricing system at the NYSE together with lower tick sizes

was as well examined by Chakravarty, Harris and Wood (2001) who find that decimal-

isation led to significantly lower quoted and effective bid-ask spreads. They confirm

that the tick size change at the NYSE in 2001 led to less depth at the best bid and

ask prices which resulted in an ambiguous impact on market liquidity. The number of

smaller size trades increased significantly while the opposite was found for the number

of large trades.



Chapter 3

Modelling

3.1 Preliminaries

The aim of this work is to model the direction of the price change on transaction level,

using three categories for the direction, representing the states “downward price move-

ment”, “no price change” and “upward price movement”. In this chapter we want to

introduce three models which may be used to model a price direction process.

All three models may be seen as special cases of the general formulation of the autore-

gressive conditional multinomial model developed by Russell and Engle (2005). These

models may be received by imposition of different parameter restrictions and choices of

link functions within the general setting. However, the different models were developed

separately in the past and we will not treat the problem in such a general framework.

For the ease of exposition we will present the models separately. For all models we

will outline specifications which allow us to use different filtrations Ft as conditioning

information. The poorer specifications include all information on price directions up

to time t − 1, while in the more comprehensive approaches additional information is

used for the estimation of the model, namely we include data on volume, intertrade

duration, depths at the ask and at the bid and previous price changes.

The direction process shall be denoted by dt in the remainder of this work where the

index denotes that the direction belongs to the tth trade. Note that the integer t does

not denote the time of the trade, but the number of the trade. The time of the trade

will be denoted by τt where it is needed.

3.2 Autoregressive Conditional Multinomial Models

One approach for modelling the direction of price changes is the application of logistic

autoregressive conditional multinomial (ACM) models suggested by Russell and Engle

(2005). This approach was used within the context of the integer count hurdle model in

Pohlmeier, Liesenfeld and Nolte (2005) to model price directions. We will closely follow

the notation for the formulation of the model that is used there. The probabilities of

8
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the directions πjt = P (dt = j|Ft−1) are modelled using a logistic link function which

leads to

πjt =
exp{Λjt}∑1

j=−1 exp{Λjt}
, j = −1, 0, 1 (3.1)

where Λjt denotes a set of explanatory variables which drive the probabilities of the

price directions. Since the approach serves to model probabilities, we use Λ0t = 0 as

a normalizing constraint in order to satisfy the restriction
∑

j πjt = 1. The choice of

the link function is however arbitrary. The more general formulation of the model in

Russell and Engle (2005) allows for different link functions as for example the probit

link discussed in the following chapters.

Let xjt for j = −1, 0, 1 be a state variable defined as

xjt =


1 if dt = j,

0 otherwise .

The idea behind the ACM model framework is to specify the vector of log-odds ratios

as a multivariate ARMA process as follows

Λi =
m∑

l=0

GlZt−l + αt

αt = µ +

p∑
l=0

Clαt−l +

q∑
l=0

Alξt−l,

where Λt = (Λ−1t, Λ1t) in our case denotes the two-dimensional vector of log-odds

ratios, the matrices Cl, l = 0, . . . , p, Al, l = 0, . . . , q denote the coefficients of the vector

ARMA process, the vector µ contains constants and the vector Zt captures market

microstructure variables and Gl, l = 0, . . . , m denotes their coefficient matrix. The

martingale difference sequence defined as

ξt = (ξ−1t, ξ1t)
′ , with ξjt =

xjt − πjt√
πjt(1 − πjt)

, j = −1, 1, (3.2)

serves as the sequence of innovations in the model. Similar to Russell and Engle

(2005), the authors Pohlmeier, Liesenfeld and Nolte (2005) propose restrictions on the

parameter matrices of the process in order to keep the number of parameters tractable.

As in Russell and Engle (2005) the parameter matrices Cl and Al which describe the

dynamics are assumed to be symmetric and the constant elements µi in both dimensions

are assumed to be equal. Additionally, Pohlmeier, Liesenfeld and Nolte (2005) assume
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that the off-diagonal elements of the matrices Cl belonging to the AR-part are zero.

The imposed restrictions may be summarized as follows

µ =

(
µ1

µ1

)
, Cl =

(
c
(l)
1 0

0 c
(l)
1

)
, Al =

(
a

(l)
1 a

(l)
2

a
(l)
2 a

(l)
1

)
. (3.3)

The restrictions on the diagonal elements of the parameter matrix Al imply that the

impact of a lagged upward movement on the probability of a following price increase

is the same as the impact of a lagged downward movement on the probability of a

following price decrease. The symmetry restrictions on the off-diagonal elements lead

to the fact that a lagged price increase has the same effect on the probability of a price

decrease as a lagged price decrease has on the probability of a price increase.

We now want to discuss briefly, how additional explanatory variables are included in

the model. In our formulation we already implemented m lags of possible market

microstructure variables with corresponding coefficient matrix Gl. We do not impose

any restrictions on these matrices which means that the effects of additional regressors

on the log-odds ratio of an upward movement may be different from the effect on the

log-odds ratio of a downward movement.

We finally present the log-likelihood function for the estimation of the model,

L =

T∑
t=1

{x−1t · log π−1t + x0t · log π0t + x1t · log π1t} ,

where the πjt follow from equation (3.1). This form of the log-likelihood is characteristic

for discrete response models.

Multivariate Ljung-Box Test

We now want to present a goodness-of-fit test based on the residual time series of

the ACM model. The test is a generalization of the univariate Ljung-Box Test8 to

the multivariate case and has been proposed by Hosking (1980). This multivariate

Ljung-Box (MLB) test for a k-dimensional model can be written as

MLB(l) = T (T + 2)
l∑

j=1

1

T − j
trace

(
Ĉ ′

jĈ
−1
0 ĈjĈ

−1
0

)

with

Ĉj =
1

T

T∑
t=j+1

ε̂t ˆεt−j
′

8See, Ljung and Box (1978).
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denoting the j-th autocovariance matrix of the residuals. Under the null hypothesis of

no serial correlation and no cross-correlations, the test statistic follows a χ2-distribution

with k(l − p) degrees of freedom. The number of included lags is denoted by l, the

number of parameters of the dynamic in the model is denoted by p. The MLB test is

used to examine the residual time series for serial correlation and cross-correlation and

is based on the sum of squared residuals and their cross-products with lagged values.

Remember that the components of the standardized residual vector in the ACM model

may be received by equation (3.2). In our setting the test rejected the null hypothesis in

most cases, however we used the statistic as an indication of the remaining correlations

in the residuals.

3.3 Ordered Probit Models

3.3.1 General Model

The ordered probit model was extensively used for the analysis of quantal response

data and has in this context shown its reliablity and its high flexibility in different

applications. Hausman, Lo and MacKinlay (1992) first applied the ordered probit to

discrete price changes for trade-by-trade price data. The authors use the probit model

to describe a truncated process of price changes.

In a very general framework, the price process Zt is modelled using a latent continuous

variable Z∗
t which is unobservable, and shall be denoted as

Z∗
t = mt + ε∗t ,

ε∗t ∼ i.n.i.d. N(0, σ2
t )

where mt represents the conditional expectation of the latent variable. In some cases

we emphasize the fact that a variable is not observable by an asterisk.

This latent process Z∗
t can only be observed through an observation rule g(·) which

maps the latent process into the observable discrete variable Zt, in our case the price

direction process. The family of sets Aj represents a disjoint partition of the state

space S∗ of the latent variable. In our case S∗ is assumed to equal R and the sets Aj

are assumed to be intervals in order to avoid further complexity.

A1 = (−∞; α1],

Aj = (αj−1; αj], for j = 2, . . . , J − 1

AJ = (αj−1;∞),

−∞ < α1 < . . . < αJ−1 < ∞
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The values αj are assumed to be unknown and therefore have to be estimated as well.

Other specifications which impose more structure on the values αj can be found in Lee

(1992).

The observation rule g(·) can be formulated in the following way,

Zt = g(Z∗
t ) =

J∑
j=1

vj1(Z∗
t ∈Aj),

where vj is equal to the value of the observable variable if the latent variable lies in the

corresponding set Aj. In the context of a process that describes price directions, this

variable takes on the values v1 = −1, v2 = 0 and v3 = 1.

The mean function mt allows high flexibility in its functional form. Hausman, Lo and

MacKinlay (1992) use weakly exogenous economic variables Xt with a linear specifi-

cation as mt = X
′
tβ, while Gerhard (2001) generalizes this approach and includes an

ARMA term in the mean function.

Note that in our formulation of the model, the εt are not assumed to be identically

distributed, which allows for modelling conditional heteroscedasticity in the latent vari-

able. To illustrate this we have a closer look on the conditional distribution of the

innovation terms εt, which may be written as

P (Zt = dj|Ft) = P (Z∗
t ∈ Aj|Ft)

=




P (mt + ε∗t � α1|Ft) for j = 1,

P (αj−1 < mt + ε∗t � αj |Ft) for j = 2, . . . , J − 1,

P (αJ−1 < mt + ε∗t |Ft) for j = J,

=




Φ(α1−mt

σt
) for j = 1,

Φ(
αj−mt

σt
) − Φ(

αj−1−mt

σt
) for j = 2, . . . , J − 1,

1 − Φ(
αj−1−mt

σt
) for j = J,

where Φ denotes the standard normal cumulative distribution. The given representation

shows that it is possible to model the conditional variance σ2
t given Ft. However, due to

this flexibility of the ordered probit the parameters of the model are only identified up

to a factor of proportionality. The likelihood function follows directly from the given

distribution in the previous equation. It is presented using only the three categories
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necessary for price directions, i.e.

L =

T∑
t=1

x−1t · log

[
Φ

(
α1 − mt

σt

)]
+

T∑
t=1

x0t · log

[
Φ

(
α2 − mt

σt

)
− Φ

(
α1 − mt

σt

)]
+

T∑
t=1

x1t · log

[
1 − Φ

(
α2 − mt

σt

)]
.

The given representation shows again that the parameters of the model are only identi-

fied up to a factor of proportionality and that an identifying restriction is neccessary to

estimate the model. In our work we will not explicitely model the conditional variance9,

therefore as an identifying restriction we set σ2
t = 1.

3.3.2 Inclusion of an ARMA Process in the Latent Variable

Following the arguments of Gerhard (2001) we want to model the latent variable Z∗
t

dynamically as an ARMA process. We will later refer to this specification as ARMA-

probit model.

In a normal setting of an ARMA process, one could just estimate the parameter vector

(φ, θ) in the following equation using standard maximum likelihood techniques,

Z∗
t =

p∑
i=1

φiZ
∗
t−i +

q∑
i=1

θiε
∗
t−i + ε∗t ,

but in the case of an ordered probit model, both the variables Z∗
t and the error terms

ε∗t are latent variables which are not observable and therefore not available using the

normal filtration Ft. Gerhard (2001) therefore proposes to modify the updating process

of the mean function by replacing the latent error term by its conditional expectation

at time t given the observation of the observable process Zt. These generalized resid-

uals are defined as ε̃∗t = Eθ̂n
[ε∗t |Zt] and describe the part of the actual expected latent

variable which is due to the error term. The expectation Eθ̂n
[·] is calculated under

the maximum likelihood estimates of the unknown parameter vector θn. For a more

comprehensive presentation of the model which involves a more detailed discussion of

the measurability of the process with respect to the used filtrations we refer to Gerhard

(2001). A further discussion of generalized residuals may be found in Gourieroux, Mon-

fort, Renault and Trognon (1987). In the case of a probit model with three categories

9We will later use the lagged absolute value of the price change as an additional regressor in an additive
way as a part of mt. This variable could be used in a multiplicative way as a measure of conditional
variance as well.
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they can be derived as follows

E [εt | dt = vi, xt] =




−φ(α1−mt)
Φ(α1−mt)

if vi = −1,

φ(α1−mt)−φ(α2−mt)
Φ(α2−mt)−Φ(α1−mt)

if vi = 0,

−φ(α2−mt)
1−Φ(α2−mt)

if vi = 1.

Note that the use of generalized residuals is a simplification which makes the application

of an ARMA-type latent variable feasible given the unobservability of the latent process

and the latent residuals. The distribution of ε̃∗t is not necessarily close to the true

distribution of the residuals ε∗t
10.

The inclusion of other variables, such as market microstructure variables or variables

capturing seasonality may be directly included in the following way,

Z∗
t =

p∑
i=1

φiZ
∗
t−i +

q∑
i=1

θiε
∗
t−i + X

′
tβ + ε∗t ,

where Xt is the vector of additional explanatory variables and β denotes the parameter

vector of the additional regressors.

3.4 Markov Chain Models

3.4.1 General Model

Markov chain models are a classical approach to problems in a discrete state space in

discrete-time and may be further extended to a more general framework of Markov

processes in a continuous space in continuous time. We will give an introduction to

some aspects of Markov chains which are applied in the following. For a further intro-

duction of Markov chains we refer to Amemiya (1985), a good introduction to Markov

processes in general is presented in Bartholomew (1980).

Broadly speaking, Markov chain models are completely characterized if the transition

probabilities between different states and the initial probability distribution are spec-

ified. The sequence of states shall be denoted as a vector of state variables defined

as

xj(t) =


1 if state j occurs at time t,

0 otherwise.

t = 1, 2, . . . T,

j = 1, . . . J, and let

x(t) = (x1(t), . . . , xJ(t))′.

10The simulation approach in chapter 5 showed that the parameter estimates gained with the use of
generalized residuals are very close to the true values.
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The probability distribution of the state vector x(t) can be modelled as a function of

lagged state vectors x(s), with s = t − 1, t − 2, ... as well as of exogenous variables. A

Markov Model where the distribution of x(t) only depends on the state vector x(t− 1)

is called first-order Markov model, while a Markov Model where the distribution of x(t)

depends on the state vectors x(t − 1), x(t − 2), . . . , x(t − k) is called kth-order Markov

models. We will focus on an introduction to the theory of first-order Markov chains,

since every higher-order Markov chain may be transformed to a first-order chain using

composite states 11. A first-order Markov model can be completely characterized by

the transition probabilities

Pjk = P (the process is in state j at time t given that it was in state k at time t-1 )

= P (xj(t) = 1|xk(t − 1) = 1)

and the initial distribution pj(0), j = 1, . . . J of the state vector x(0). The J ×J matrix

containing all the transition probabilities at a time t is called transition matrix and is

defined as

P (t) = {Pjk(t)} , j, k = 1, . . . , J

while the unconditional probabilities of state j at time t shall be denoted as

pj(t) = P (xj(t) = 1) , j = 1, . . . , J.

Given the unconditional probabilities at time t and the transition matrix P (t + 1), the

vector of unconditional probabilities at time t + 1, p(t) = (p1(t), . . . , pJ(t)) may be

written as

p(t + 1) = P (t + 1)′p(t). (3.4)

Since the transition matrix P (t) defines a conditional probability density function the

matrix has the following well known properties:

(1) Every element of the transition matrix is nonnegative.

(2) The elements of each row sum up to unity.

Using the notation defined above, the log-likelihood function of a first order Markov

chain model can be derived as

L =
T∑

t=1

J∑
k=1

J∑
j=1

(xj(t)xk(t − 1) log (Pjk(t))) +
J∑

j=1

xj(0) log pj(0).

11See, for example, Anderson and Goodman (1957). A good introduction to Markov chains and Markov
processes with examples of the multi-state formulation may as well be found in Ross (2003).
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Since the number of parameters Pjk(t) and pj(0) is increasing with T at a higher rate

than the amount of data available, consistent estimates of the parameters cannot be

found without imposing more structure. Therefore we specify the probabilities Pjk(t) as

functions of a parameter vector with fixed dimension. A very restrictive but therefore

simple approach is presented in the next section.

3.4.2 Stationary Markov Model

A Markov chain model where the transition probabilities Pjk(t) = Pjk are constant

for all t is called a stationary Markov Model. This very restrictive assumption of a

constant transition matrix leads to a simplified log-likelihood function conditional on

xj(0) which is assumed to be known,

L = T ·
J∑

k=1

J∑
j=1

(xj(t)xk(t − 1) log (Pjk)) . (3.5)

Since the parameters in this model directly represent conditional probabilities, as an

additional restriction
∑

k Pjk = 1 must hold. Maximizing the log-likelihood under the

given restriction delivers a closed form solution of the likelihood estimates which is very

intuitive.

P̂jk =
njk∑
k njk

, (3.6)

where njk denotes the number of moves from state k to state j, which means that the

estimates for Pjk simply reflect the relative frequencies of a move to stage j when the

preceding stage was k. Note that when estimating the models, both approaches (3.5)

and (3.6) may be used, however a numerical solution of (3.5) is much more time consum-

ing and should therefore be avoided. The derivation of maximum likelihood estimators

for higher order stationary Markov models follows the same idea after rewriting them

as a multi-state first-order Markov model, see for example Anderson and Goodman

(1957).

Another characterization of stationary Markov chains is possible using the concept of

equilibrium probabilities. Using equation (3.4) we can recursively define each uncon-

ditional probability p(t) starting from the unconditional probability p(0) and if we let

t −→ ∞ assuming that the limiting values exist we can derive equilibrium probabilities

p(∞) as

p(∞) = lim
t−→∞

P (t)′p(0).

If the equilibrium probabilities exist they can be received by solving the equation

p(∞) = lim
t−→∞

P (t)′p(∞),
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which must also be fulfilled by these values and which leads to the condition p(0) =

p(∞) for strong stationarity for Markov chains12.

Test of a Stationary Markov Chain against higher orders

The hypothesis that a dataset was generated by a k − th order Markov chain can be

tested against other Markov chain specifications by standard likelihood ratio proce-

dures. A test of the null hypothesis that the true model is a first-order Markov chain

against the alternative that the true model is a second-order Markov chain may be

written as

LR = −2
J∑

j,k,l=1

njkl

(
log P̂jk − log P̂jkl

)
,

where Pjkl is the probability of a move to state j given that it was in the states k and

l before. The statistic is distributed as a χ2-variate with J(J − 1)2 degrees of freedom.

More general a stationary Markov chain model of order k against the order k + 1 can

be tested with an analogous test statistic which then follows a χ2 distribution with

Jk(J − 1)2 degrees of freedom. This result may be proved by induction.

3.4.3 First-order Markov Model with Exogenous Variables

Another possibility to impose more structure to Markov chain models is to use a pa-

rameterization for the transition matrix Pjk(t) = Fjk (z′tβ) which allows for inclusion of

additional explanatory variables. This specification is for example presented in Kauf-

mann (1987). In this section we want to introduce a parameterization similar to the

one used in quantal response models. We use a probit link function in every row of the

transition matrix, which ensures that the elements of each row sum up to one and are

positive13.

If we have a look at the problem of modelling price directions, the standard first order

transition matrix is 3 × 3. For each of the rows of this matrix, we model a probit link

function.

The likelihood function may in this case be written as a sum of three independent parts

as follows,

L = L−1 + L0 + L1,

where each of the three parts of the log-likelihood has the well known probit structure,

Lk =

T∑
t=1

{ x−1k · log (Φ(α1,k − mt,k))

+ x0k · log (Φ(α2,k − mt,k) − Φ(α1,k − mt,k))

+ x1k · log (1 − Φ(α2,k − mt,k))}.

12A derivation of these results may be found in Amemiya (1985) or in Gourieroux, Jasiak (2001).
13Only non-negativity would be required.
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The three parts of the likelihood function represent the possible states of the direction

process at time t − 1. This representation of the log-likelihood function is possible

because the indicator variables which are a part of every additive component of the log-

likelihood functions are only equal to one once, since the multi-states (dt−1, dt) = (i, j),

for i, j = −1, 0, 1 are disjoint events. In comparison to a normal ordered probit model,

within this first-order Markov chain approach J times the number of parameters of a

normal ordered probit have to be estimated. On the other hand, since the likelihood

function can be divided into a sum of three likelihood functions with uncorrelated

parameters, the estimation still remains feasible. However, the number of parameters

is depending linearly on the number of rows of the transition matrix. Modelling a

second-order Markov chain would require a first-order representation with J2 rows

which means that in our case nine separate probit models would have to be estimated

which already seems to be infeasible.



Chapter 4

Non-nested Tests

4.1 Introduction to Non-nested Hypothesis Testing

A common problem in econometrics is the existence of different competing models aris-

ing from different theoretical approaches and the discrimination between these models.

If the competing models are nested within each other, they might be assessed by us-

ing the standard classical tests, if the models are not nested, these tests are no longer

applicable. The theory of non-nested hypothesis testing was pioneered by the work

of Cox (1961,1962) who developed a generalization of the likelihood ratio test for the

case of testing non-nested hypotheses. The basic idea of this generalization is to center

the usual likelihood ratio test statistic, which does not have an expectation of zero if

the hypotheses are non-nested, around its mean. Then Cox showed that this centered

statistic has a well-defined limiting distribution.

A second approach also first introduced by Cox is the concept of artificial nesting which

was further developed by the work of Atkinson (1970). Within this concept, the com-

peting models are artificially nested in a bigger model which contains the competing

models as special cases. However, in applications both approaches require the evalu-

ation of non-trivial integrals, which normally results in a high computational burden.

Therefore, application of the procedures has in the past been restricted to a number of

special cases.

The literature on the problem of testing non-nested hypotheses first considered linear

regression models as in Pesaran (1974) and was then extended to non-linear and multi-

variate regression models by Pesaran and Deaton (1978) and Davidson and MacKinnon

(1981,1982). In more recent papers non-nested tests have been applied to logit and pro-

bit models (Pesaran and Pesaran (1993)), linear versus log-linear models(Pesaran and

Pesaran (1995)), GARCH models (McAleer and Ling (1998)) or threshold autoregres-

sive models (Kapetanios and Weeks (2003)). An introduction to both the theory and

the literature on non-nested hypothesis testing may be found in Pesaran and Weeks

(2000).

After introducing the notation, we will have a closer look at the definition of nested

and non-nested hypotheses. Then we discuss, whether the models introduced in chap-

ter 3 follow this definition. We introduce two types of non-nested tests, namely the
19
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Cox generalized likelihood ratio procedure and the score test developed by Santos Silva

(2001) which will both be applied to our models in chapter 5.

We will first introduce the notation for the following chapters. Two competing non-

nested models shall be denoted by

Hf : f (yt | xt, θ) , t = 1, . . . , T

Hg : g (yt | zt, λ) , t = 1, . . . , T

where θ and λ are unknown parameter vectors of length kf and kg, and xt and zt

represent the conditioning variables belonging to the models. Without loss of generality,

let Hf be the null hypothesis, and let the true model be denoted by f(y | θ0) and the

pseudo-true model as g(y | λ(θ0)). The corresponding mean log-likelihood functions

can be written as lf = 1
T

∑T
t=1 log ft(θ) and lg = 1

T

∑T
t=1 log gt(θ). Note that in our

notation we divide the log-likelihood through the number of observations T .

Broadly speaking, two hypotheses are said to be non-nested or separate if neither

hypothesis can be obtained from the other by a suitable limiting process. However, if

for example one of the hypotheses can be obtained from the other by imposition of a

parameter restriction, the two hypotheses are said to be nested. Pesaran (1987) gives

a more formal definition of nested and non-nested models using the Kullback-Leibler

Information Criterion (KLIC) as a measure of closeness between two models.

The KLIC measure between two models f and g is defined as

Cfg (θ0) = Ef [log f(y | θ0) − log g(y | λ(θ0))]

=

∫
log

f(y | θ0)

g(y | λ(θ0))
f(y | θ0)dy

Pesaran (1987) defines a hypothesis Hf as nested within Hg if and only if the KLIC

measure Cfg (θ0) = 0 for all admissible values of θ0 and for Cgf vice versa. The other

way round, two models are defined to be globally non-nested if both Cfg and Cgf are

nonzero for all admissible values of θ0 and λ0. Vuong (1989) states that these defini-

tions are equivalent to a formalization of the description of non-nested models made

in the beginning. Implications of Pesaran’s formal definition of nested and non-nested

models may be seen in chapter 4.3. In order to illustrate relation between the KLIC

measure and the concept of nested and non-nested models, we examine briefly a clas-

sical example of nested models. Let e.g. Hf be nested within Hg with a restriction on

one parameter, then under Hf the densities are equal, f(z | θ0) = g(z | λ(θ0)) and the

integrand in Cfg is equal to zero.
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The simple structure of the following example shows how often the existence of com-

peting non-nested models can arise. Let the hypotheses Hf and Hg be defined as

Hf : yt = α′xt + εtf , εtf ∼ N(0, σ2), 0 < σ2 < ∞,

Hg : yt = β ′zt + εtg, εtg ∼ N(0, ω2), 0 < ω2 < ∞,

where xt and zt are rival sets of explanatory variables. The models are non-nested if it

is not possible to write xt as a linear function of zt and vice versa. While test statistics

for more complicated hypotheses can often not explicitely be calculated, solutions for

a test of these classical linear hypotheses Hf against Hg may be found in Pesaran and

Weeks (2000).

4.2 Price Direction Models as Examples for Non-nested Models

We now want to discuss briefly under which conditions the models presented in chapter

3 are nested or not. The ACM model in the general formulation of Russell and En-

gle (2005) allows different specifications which result in probit models, Markov chain

models or logit models, depending on how the link functions and different parameteri-

zations in the model are chosen. However, different choices of the link function result

in different models which no longer have to be nested. One of the classical cases of

non-nested models are the probit and the logit model. Since we use a logistic link

function in our formulation of the ACM model in chapter 3.2 and probit link functions

in the specifications of the Markov chain model with market microstructure variables

and in the ordered probit, these models are a classical case of non-nested models. The

classical ordered probit approach used by Hausman, Lo, MacKinlay (1992) would be

nested in the Markov chain probit specification if the separate probit models in every

row of the transition matrix were restricted to be equal. But since in our ordered probit

model we use an ARMA process as latent variable, the models are no longer nested.

In the case of the k-th order Markov chain approach we estimate the probabilities of

the price directions as constants, which in principle is possible within the other models

as well, if we just used the poorest specification that is possible. But since we allow

a different set of constant probabilities depending on the past k states of the price

direction process, the k-th order Markov chain approach cannot be derived as a special

case of the other models using a set of restrictions.

4.3 Generalized LR test

4.3.1 Introduction to the Cox Statistic

As outlined before, Cox (1961,1962) developed a generalization of the likelihood ratio

test, so that a modified log-likelihood ratio has a well defined limiting distribution. We

will first give a brief introduction to the classical theory.
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Let Hf be nested within Hg, then the likelihood ratio test statistic LR can be written

as

LR = 2T (lg(θ̂g) − lf (θ̂f)),

which asymptotically follows a chi-squared distribution with degrees of freedom equal

to the number of parameter restrictions r. This can be derived under certain regularity

conditions which guarantee that the asymptotic distribution of the maximum likelihood

estimator is normal14. Since the model Hf is nested within Hg, the difference of the log-

likelihood functions is always positive and under the“smaller”model Hf the expectation

of the statistic is equal to zero. However, if the models f(·) and g(·) are non-nested

then the expectation of the likelihood ratio does not evaluate to zero. Therefore Cox

(1961) proposed a modified statistic which centers the likelihood ratio around its mean.

The numerator of the Cox test statistic may be written as

Sfg = lf(θ̂) − lg(λ̂) − Ef [lf (θ0) − lg (λ(θ0))] ,

where we still have to find a value for the integral Ef [lf (θ) − lg (λ(θ))] or we have to

replace it by a consistent estimator respectively. Cox (1961,1962) and White (1982)

showed that a standardized test statistic

Tfg =
√

T
Sfg

σ̂Sfg

a∼ N(0, 1)

has a limiting standard normal distribution15 under the hypothesis that one of the

competing models is correctly specified.16 Since there does not exist a natural null

hypothesis, the test always has to be performed in both directions using the statistics

Tfg and Tgf . If we denote the (1−α) critical value of the standard normal distribution

as qα, then due to the symmetric setting of the testing procedure, four results are

possible:

1. Reject both Hg and Hf , if |Tfg| � qα and |Tgf | � qα.

2. Reject Hg but not Hf , if |Tfg| < qα and |Tgf | � qα.

3. Reject Hf but not Hg, if |Tfg| � qα and |Tgf | < qα.

4. Reject neither Hf nor Hg, if |Tfg| < qα and |Tgf | < qα.

This shows that the result of the test does not always indicate that one of the com-

peting models is acceptable, the result can as well indicate that the search for a model

that describes the data better should be continued. Additionally, the direction of the

rejection can be considered, if we examine the sign of the test statistic Tfg. This would

14See, for example, Rohatgi (1976).
15Note that the Cox statistic is not multiplied by two in contrary to the classical LR statistic.
16Vuong (1989) presents a more general test based on the KLIC measure which even holds under mis-

specified models.
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lead to eight outcomes of the test, their interpretation is comprehensively discussed in

Fisher and McAleer (1979).

We now go back to the evaluation of the test statistic. As one can see directly, the

given integral Ef [·] is equal to the KLIC measure we already introduced in the previous

chapter. Therefore, the definition of non-nested models by Pesaran (1987) is closely

linked to the issue whether the standard LR test statistic is directly applicable or

not. Finding a value for the given integral Ef [·] is not trivial. Its direct evaluation

is restricted to some special cases where it is tractable, see for example Cox (1961)

who presents a test of the normal versus the exponential distribution which involves

both, direct calculation of λ(θ0) and calculation of the expected likelihood ratio. In

general, the problem in evaluating the integral is twofold, first it is necessary to have

a consistent estimate of the pseudo-true value λ(θ0), second, the integral is in most

cases still too complicated. However, in the case of discrete response models given an

estimate of the pseudo-true value λ(θ0) the evaluation of the expectation boils down

to the evaluation of a discrete sum. Therefore the application of the Cox statistic to

these kinds of models seems to be tractable.

4.3.2 Approaches to the Evaluation of Cox’s Statistic

In the literature there exist several propositions for estimators based on simulations.

In all approaches R samples of size T are generated under the null hypothesis f(θ0).

In order to come up with a solution for the first step, a consistent estimate of λ(θ0),

Pesaran and Pesaran (1993) suggest to estimate the pseudo-true value λr(θ0) for every

sample r, (r = 1, . . . , R). An estimate for the pseudo-true parameter vector is then

given by

λ̂(θ̂) =
1

R

R∑
r=1

λr(θ̂).

The authors argue that since the R samples are independently generated, the estimates

λ̂(θ̂) are independent and identically distributed as well. It follows from the Law of

Large Numbers that λ̂(θ̂)
p−→ λ(θ̂) if the number of replications R goes to infinity. In

the case of discrete response models, this estimate can then be used to calculate the

KLIC measure Cfg(θ0) explicitly as follows

Cfg(θ̂, λ̂(θ̂)) =
1

T

T∑
t=1

J∑
j=1

f(yt = j | xt, θ̂) · log

(
f(yt = j | xt, θ̂)

g(yt = j | zt, λ̂(θ̂))

)
,

where j = 1, . . . , J denote the discrete states the variable yt can take on. An alternative

way to come up with an estimate of the expected value Ef [·] is to use a simulation-

based estimator for the KLIC measure suggested by Pesaran and Pesaran (1993) given
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by

Ĉfg(θ̂, λ̂
1(θ̂), . . . , λ̂R(θ̂)) =

1

R

R∑
r=1

lf (θ̂) − lg(λ̂
r(θ̂)),

where the alternative model is reestimated for all simulated samples, while the esti-

mated parameter vector θ̂ is kept constant. Coulibaly and Brorsen (1998) argue that

it is favourable to use the following similar estimator for the mean adjustment of the

Cox statistic,

Ĉfg(θ̂
1, θ̂R, λ̂1(θ̂), . . . , λ̂R(θ̂)) =

1

R

R∑
r=1

lf(θ̂
r) − lg(λ̂

r(θ̂)), (4.1)

where both the parameter vector θ̂r and the parameter vector λ̂r(θ̂) are allowed to vary

across the generated samples.

In the literature, there are two ways to create a test statistic to work with in the end,

one possibility is to standardize the test statistic Sfg by its standard deviation and to

compare the resulting value with its limiting normal distribution. There are different

variance estimators17 suggested in the literature, Kapetanios and Weeks (2003) propose

a simulation-based variance estimator which just uses the information created during

the R replications as follows

σ̂2
Sfg,sim =

1

R − 1

R∑
r=1

{
(lf(θ̂

r) − lg(λ̂
r(θ̂))) − 1

R

R∑
r=1

(lrf (θ̂
r) − lrg(λ̂

r(θ̂)))

}
. (4.2)

Another possibility is to derive p-values for the given test statistic by constructing its

empirical distribution with a bootstrapping procedure. We do not want to carry on

this approach here, since the number of replications R has to be very high18, because

the application in a test requires a good approximation of the tails of the distribution

function and therefore this procedure does not seem to be applicable to our datasets

because of the computational burden.

4.4 Artificial Nesting

4.4.1 Introduction to Artificial Nesting

A second approach to testing non-nested hypotheses uses the principle of artificial

nesting which was also first suggested by Cox (1961) and further developed by Atkinson

(1970). Having fixed a null hypothesis, this approach suggests that derivations from the

null hypothesis into the direction of another model may be detected by using a test of

the null against a more general model, which represents an artificial combination of the

17For different other specifications of variance estimators, see Kapetanios and Weeks (2003).
18Brown (2000) suggests that the number of replications should at least be of order n2.
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two models. Each of the two models may be obtained as a special case of the combined

model. While Cox (1961) and Atkinson (1970) suggested to combine the model in

a linear or exponential way, Santos Silva (2001) developed a more general nesting

procedure as follows. For every value of ρ and every mixing parameter 0 ≤ α ≤ 1 the

two alternatives can be nested by defining

fρ (y | x, ρ, α, β, γ) =
[(1 − α)f1(y | x, β)ρ + αf2(y | x, γ)ρ]1/ρ∫
[(1 − α)f1(z | x, β)ρ + αf2(z | x, γ)ρ]1/ρ dz

where f1(y | x, β) and f2(y | x, γ) denote the probability density functions of the

competing models. The denominator of the function fρ ensures that the artificially

constructed function is still a probability density function. If α is equal to zero, the

encompassing model fρ is reduced to the model f1. The special case α = 1 represents

the model f2. The parameter α will be used as restriction parameter for the testing

procedure later on. For ρ −→ 0 this nesting procedure leads to exponential nesting of

the models, for ρ = 1 the models are combined linearly.

In principle, every of the three tests from general MLE analysis could be applied to the

problem: the Wald test, the likelihood ratio test and the score or LM test19. Santos

Silva (2001) suggests to use a score test, mainly because of the fact that in this case

the estimation of the comprehensive model is not necessary. Without loss of generality,

let f1 (y | x, β) be the null hypothesis. As Pesaran (1981) noted, using a score test

leads to the problem that the parameter vector γ is not identified under the null, since

the comprehensive model no longer depends on γ20. Valid score tests can be obtained

evaluating γ at any point that is asymptotically non-stochastic. A convenient solution

to this problem is to use the ML estimates γ̂ of the parameters under the alternative,

since they normally have already been estimated at the stage of model comparison. An

alternative solution would be to use the values γ∗ which best describe the data under

the null as already stated in Cox (1961). These estimates could for example be received

by a simulation approach as the one by Pesaran and Pesaran (1993) which was already

introduced in chapter 4.3.2. However, a different choice of γ can avoid this burdensome

exercise.

4.4.2 A Score Test

The score test is another representation of the LM test which was already introduced by

Rao (1948) and which is based on the first order derivatives of the likelihood function

l(θ) under the assumption that a vector of parameter restrictions r(θ) = 0 is satisfied.

19For a further introduction to the LM test and to classical likelihood theory, see Davidson and Mac-
Kinnon (1993).

20Pesaran (1981) argues that LM methods should therefore only be used very carefully, if the artificial
model does not have any theoretical meaning.
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The maximization of the corresponding Lagrangian, i.e. l(θ)− r(θ)′λ, leads to the first

order conditions

g(θ̃) − R′(θ̃)λ̃ = 0

r(θ̃) = 0

Broadly speaking, if the restrictions on the parameters hold automatically, the expres-

sion g(θ̃) should contain relatively small values. In the general setting the LM test

statistic can then be derived as

LM =
1

n
g(θ̃)′Ĩ−1g(θ̃),

where Ĩ denotes a consistent estimator of the information matrix 21. The statistic is

asymptotically estimated as a chi-squared variate with number of freedom equal to the

number of parameter restrictions.

An analogous procedure is applied to the artificially constructed model fρ by Santos

Silva (2001). The parameter restriction that should be tested is the restriction on the

nesting parameter α = 0. The contribution of a single observation to the score, Sρ
α, can

be derived as

Sρ
α =

∂ log fρ (y | x, ρ, α, β, γ)

∂α
|α=0=

(
f2(y|x,γ)
f1(y|x,β)

)ρ

− 1

ρ
−
∫ (

f2(z|x,γ)
f1(z|x,β)

)ρ

− 1

ρ
dz.

Note that Sρ
α is a scalar which can be evaluated at every single observation. Starting

from this expression Santos Silva (2001) derives a score test for the null hypothesis

H0 : α = 0 as

Tρ =
[
∑Sρ

α]2∑
[Sρ

α]2 −∑[
Sρ

α

(
∂ log f1

∂β

)′]
·
[
−∑ ∂2 log f1

∂β∂β′

]−1

·∑[(
∂ log f1

∂β

)
Sρ

α

]

where the summations are ranging over all T observations. Under the assumption of

suitable regularity conditions22, the given test statistic has an asymptotic χ2
(1) distri-

bution. Note that in the term
∑[

Sρ
α

(
∂ log f1

∂β

)′]
we do not focus on the aggregated

first order derivatives of the maximum likelihood function, which should be zero when

evaluated at the maximum likelihood estimates. The derivative with respect to β is

rather evaluated at the level of the individual observation and summed up with a

21Davidson and MacKinnon (1993) present different estimators based on the outer product of the gra-
dient, the expected Hessian and the empirical Hessian and discuss some of their properties.

22A comprehensive discussion of the corresponding regularity conditions can be found in White (1982).
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weight equal to the individual contribution to the score of α. Santos Silva argues that

all choices of ρ lead to a valid test statistic and that the actual choice should be made

by considering computational convenience. In the case of ρ = 0 the test derived by

Santos Silva (2001) is closely related to the Cox test statistic derived in chapter 4.3,

since the term S0
α equals the centred likelihood ratio23. In the case of discrete response

models, the choice of this nesting parameter does not involve further problems in the

implementation of the test as can be seen in the following section.

The test suggested by Santos Silva (2001) does not only have power against alternatives

in the direction of the model f2 but also rejects the H0 in case of misspecification. This

means that the result of the test might not be constructive since it does not necessarily

indicate which of the two models fits better to the underlying data. Since in the case

of non-nested models there is no natural null hypothesis, the test always has to be

applied in both directions, taking f1 and f2 as null hypothesis. Both of the models

might be rejected. The size of the test statistic might be used for comparison of the

models whether there at least is a tendency towards one of the models in the data.

4.4.3 Application to Discrete Response Models

The application of the score test to discrete response models allows a straightforward

evaluation of the last integral in equation (4.4.2) and therefore the whole expression

boils down to

Sρ
α =

∂ log Lρ (y | x, ρ, α, β, γ)

∂α
|α=0=

J∑
j=1

(
P2(y=j)
P1(y=j)

)ρ

− 1

ρ

(
1l {y=j} − P1(y = j)

)

where for notational simplification the probabilities of the J discrete states shall be

denoted as fi (y = j|x, β) = Pi(y = j), i = 1, 2. Inserting this term into (4.4.2) leads

to an expression which can be evaluated with the information available at the end of a

model estimation process. An estimator of the empirical Hessian may be received as an

output of statistical packages24 and the first order derivative of the likelihood function

for the single observation may either be derived analytically or by numerical methods.

4.5 Further Approaches to Non-nested Hypothesis Testing

In this section we want to mention two further approaches to non-nested hypothesis

testing, namely the one suggested by Vuong (1989) and the encompassing approach.

Vuong (1989) suggests to use a test based on the KLIC distance measure which no

23A derivation of the asymptotic equivalence of the three classical test statistics in the case of nested
models may be found in Davidson and MacKinnon (1993).

24In the empirical part we used the MAXLIK package available for GAUSS.
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longer relies on the assumption of one of the competing models being true. Under the

true model Hh, Vuong tests the hypothesis

HV : Chf(θ
∗
h) = Chg(λ

∗
g),

where θ∗h and λ∗
g denote the pseudo-true values of the competing models under the

true model Hh. The hypothesis HV describes that both models have an equal distance

to the true model and may therefore serve for model discrimination. Vuong (1989)

derives a test statistic which is similar to the Cox test statistic and as well based on

the average log-likelihood ratio. The statistic is distributed asymptotically normal but

requires a different variance estimation procedure. The variance estimator depends

in a non-trivial way on the probability density functions of the different models and

requires a high computational effort. However, the approach could be pursued further

in our application, since the stability of the test against misspecification seems to be

an advantage in comparison to the other presented tests.

The next approach we would like to sketch roughly is the encompassing approach which

tests the hypothesis whether one model explains any features of the competing model.

Under the true model Hh the model Hg is said to encompass the model Hf if and only

if

HgEHf : θ∗h = θ∗(λ∗
g),

where we use the definition of the pseudo-true values from above and θ∗(·) denotes the

link function between the parameters of the models Hg and Hf . The hypothesis states

that the parameter values of the model Hf may be received by inserting the parameter

values of Hg into a function, which means that Hg may explain the statistical results

of its competitor Hf . The application of tests based on this hypothesis leads to several

problems: The link function between the parameters cannot always be received directly

as already stated for the Cox test statistic. Second, the limiting normal distribution of

the according test statistic requires a complicated variance estimation procedure. For

a further introduction to the encompassing approach of non-nested hypothesis testing

we refer to Mizon and Richard (1986), while the problems in the implementation of the

tests are further discussed in Gourieroux and Monfort (1995).



Chapter 5

Empirical Framework

5.1 NYSE Transaction Data

5.1.1 Trade and Quote Database and Data Preparation

This work focuses on tick-by-tick data for stocks traded on the NYSE. The data used

was extracted from the Trade And Quote (TAQ2) database. This trade database con-

sists of all transaction prices and volumes, timestamped to the second, which are traded

at the NYSE and NASDAQ-AMEX. The database consists of two files: All transaction

prices and volumes are recorded in the trade database, while the quote database con-

tains information on all records of the best bid-ask quotes and the according depths.All

records are timestamped to the second25.

The two files are recorded separately and therefore, the trades and the according quotes

have to be brought together consistently in one dataset in order to use information such

as bid-ask spreads or the depths at the bid and at the ask in econometric models. In

empirical works most often the algorithm proposed by Lee and Ready (1991) is used

for the matching of trades and quotes. The authors propose to assign each trade with

the quote posted at least five seconds before (“five-seconds rule”). Since the continuous

implementation of new technologies at the stock markets implies decreasing processing

times, we slightly modified this algorithm by adjusting the data using a“k-seconds rule”

for k = 1, . . . , 5. Afterwards we have chosen the integer k which delivered the highest

ratio of trades which occurred at the bid price or ask price individually for each stock.

The values chosen for k may be found in table 5.1. For these integer values the ratio

of transaction prices inside the actual quoted spread has taken on the highest value as

well. We want to mention that these uncertainties on the data quality of the underlying

aggregated dataset might be severe and may influence the results negatively.

It may occur that two trades have exactly the same timestamp. This can happen be-

cause different market participants have posted their orders within one second. More-

over, large orders at one side of the specialist’s book are sometimes automatically

matched against several orders on the other side of the book. Limit orders of different

market participants with exactly the same limit often have the same time stamp as

25More detailed information on the TAQ database may be found in Bauwens (2001).
29
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well. The sizes of all trades with the same timestamp were aggregated and valued with

the last price in the sequence of prices at this timestamp in the database. Since the

first trades at each trading day follow a different mechanism (opening call auction) we

removed these trades from our dataset. Additionally, we removed all erroneous trades

and all trades with a timestamp outside the regular trading hours.

5.1.2 Data Description and Descriptive Analysis

Our dataset contains seven stocks traded at the NYSE, namely Deltic Timber Corpora-

tion (DEL), General Electric Company (GE), International Business Machines (IBM),

Nike Corporation (NKE), Pope and Talbot Inc. (POP), Temple-Inland Inc. (TIN)

and Texas Instruments Corporation (TXN). These stocks were chosen arbitrarily, we

just made sure that the sample of stocks contained representatives with high, medium

and low market capitalization and that we captured a wide range of different trade

intensities for the chosen stocks. For each stock, we prepared two datasets, the first

dataset (JAN) was constructed with data from January 1, 2001 to January 28, 2001

and the second dataset (FEB) contains data from January 29, 2001 to February 25,

2001. Remember that the change of tick size at the NYSE occurred on January 29,

2001. Each of the periods covers 4 trading weeks. While in the first period there was

no trading on January 1, 2001 and on January 15, 2001, in the second dataset there

was no trading on February 19, 2001. So the first dataset covers 18 trading days and

the second set covers 19 days.

Table 5.1: Description of the prepared datasets

k-seconds JAN FEB Market Capitalization

Stock rule Obs Obs/day Obs Obs/day January 01, 2001

DEL 1 327 18.17 380 20.00 286 mn USD

GE 4 52459 2914.39 47994 2526.00 464 bn USD

IBM 4 53122 2951.22 58437 3075.63 135 bn USD

NKE 1 13529 751.61 13640 717.89 14 bn USD

POP 1 626 34.77 528 27.78 253 mn USD

TIN 1 6794 377.44 8550 450.00 6 bn USD

TXN 1 51358 2853.22 47601 2505.31 75 bn USD

Table 5.1 gives an impression of the sizes of the datasets. GE, IBM and TXN are

representatives for stocks with high market capitalizations and high trade intensities

(∼ 3.000 observations per day). NKE and TIN are mid-size stocks with considerable

trade intensities (∼ 400 − 750 observations per day) and DEL and POP represent the

group of small illiquid stocks (∼ 15− 40 trades per day). We now want to give a brief

overview over descriptive statistics of the time series of price changes, price directions,

durations, volumes and bid-ask spreads which shall be based on the sample FEB. The

results are summarized in the tables 5.2 for the price changes and the price directions
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Table 5.2: Summary of Descriptive Statistics of Price Changes and Price Directions,
Sample: January 29, 2001 - February 25, 2001

Time Series of Price Changes

Stock Mean Std Skewness Kurtosis Min Median Max LB(50)

DEL 0.2105 3.5510 0.1250 5.1423 -15 0 12 67.05

GE 0.0013 2.0200 0.2674 40.5306 -38 0 38 1272.35

IBM -0.0003 4.8741 0.2748 14.2303 -50 0 50 637.24

NKE -0.0420 3.6603 0.0844 18.3851 -37 0 44 163.19

POP -0.3579 4.9981 -1.0106 18.6931 -46 0 30 59.35

TIN -0.0319 4.3419 -0.1428 16.9745 -48 0 50 103.86

TXN -0.0178 2.9729 -0.2443 49.5323 -50 0 50 107.57

Time Series of Price Directions

Stock Mean Std Skewness Kurtosis Min Median Max LB(50)

DEL 0.0552 0.7188 -0.0817 1.9313 -1 0 1 74.58

GE 0.0058 0.7055 -0.0082 2.0087 -1 0 1 2219.95

IBM 0.0218 0.8057 -0.0395 1.5414 -1 0 1 1272.51

NKE 0.0080 0.7281 -0.0123 1.8860 -1 0 1 168.10

POP 0.0511 0.7615 0.0855 1.7248 -1 0 1 56.94

TIN 0.0202 0.7578 -0.0336 1.7416 -1 0 1 97.01

TXN 0.0086 0.6610 -0.0093 2.2882 -1 0 1 436.09

Abbreviations: Std = Standard Deviation, Min = Minimum, Max = Maximum,
LB(50) = Ljung-Box Statistic at Lag 50

and for the durations, volumes and spreads in the tables 6.1 and 6.2 in the appendix26.

Both the series of price changes and of price directions show a mean of around zero.

Even though the mean of price changes is negative for the IBM, NKE, POP, TIN and

TXN stock, all means of the corresponding directions are slightly positive in the sample

under consideration. Price changes show standard deviations between 2 and 5 ticks.

The standard deviations of the price directions range between 0.66 and 0.81. The em-

pirical distribution of financial returns often exhibits left-skewness, i.e. large negative

returns tend to be more likely than large positive returns and are offset by relatively

many small positive returns. On transaction level, this could not be confirmed, the

skewness of the time series did not show a clear pattern. The observation that in ab-

solute value large returns appear more often in financial return series than estimated

from a normal distribution, the so called “fat tails”, was already noted in the sixties e.g.

by Mandelbrot (1963). This feature can be found in all series of price changes27, which

show a kurtosis ranging from 5 (DEL) to 50 (TXN). The Ljung-Box statistics for the

series of price changes and directions up to lag 50 indicate that the null hypothesis of

no serial correlation can be clearly rejected for all stocks except for POP28. In Figure

5.1 we plotted histograms of the price direction process as well as the corresponding

autocorrelation functions (ACF) for the DEL, GE and NKE stock. For all stocks in the

26The tables in the appendix additionally contain descriptive statistics for the deseasonalized time series
as well. The deseasonalization was performed with the procedure described in section 5.1.3.

27This characteristic is normally depicted for logarithmic return series.
28The null may be rejected for DEL on a 5% level, while the corresponding p-values are almost zero for

all other stocks.
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Figure 5.1: Histograms and ACFs for the Price Directions of the DEL, GE and NKE
stock

sample, the category which represents no price change is the major one and counts for

about 35% (IBM) to about 56% (TXN) of all trades. It is somehow surprising that the

minimum and the maximum values for these frequencies are taken on by stocks with

high trading intensity. If we examine the ACFs of the three stocks, we observe negative

first-order autocorrelations for the GE and for the NKE data, followed by significant

positive values for higher lags. Similar patterns may be found for the other large and

medium-sized stocks29. These findings support the existence of a bid-ask bounce. The

ACF of the DEL stock is highly irregular and in most cases insignificant, the POP

stock also shows a very irregular ACF.

However, while the descriptive statistics of the direction process is relatively homoge-

nous across the sample of all stocks, the descriptive statistics of the durations measured

as time between two trades t and t−1 in seconds, i.e. τt − τt−1, show bigger differences

across the seven stocks. The big stocks show a high average trading frequency with an

average duration of 7.5 − 10 seconds. The medium size stocks NKE and TIN show an

average duration of 32 and 52 seconds, while the average time between two trades for

the small stocks was higher than 13 minutes. The minimum value for all stocks is equal

29See, figures 6.1-6.3 in the appendix.
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Figure 5.2: Autocorrelation Functions of Durations, Volumes and Spreads

to 1 second, the smallest possible value due to discrete measurement of the time of a

trade. The maximum value ranges from 110 seconds for IBM to 14046 seconds (almost

4 trading hours) for the POP stock.

The picture is similar if we examine the volume time series, where volume is interpreted

as number of traded shares. The empirical distribution shows right skewness, the means

range from 446 stocks for DEL to 5682 for GE. Mean and median volume for GE is

much higher than for the other stocks of comparable size, TXN and IBM. But if we

compare the traded volumes in USD relative to the market capitalization of the stocks,

the values are no longer completely out of the range. Moreover, all minimum values are

equal to 100 shares corresponding to special odd-lots handling. The maximum traded

volumes are between 30000 stocks for POP and 500000 stocks for GE (the maximum

traded volume in USD is even higher for TXN ).

If we turn to the descriptive statistics of the bid-ask spreads we can see that the min-

imum possible value for the spread, 0.01 USD is reached for all stocks in the dataset,

remember that we summarize the descriptive statistics for the dataset FEB after the

tick-size change. While the mean spread is the lowest for GE with 0.04 USD30, it is

the highest for POP with 0.14 USD. There is however no clear pattern concerning size

of the stock and average spread if we look at the mean. Especially the IBM stock

reveals a relatively high average spread of 0.09 when compared to the other frequently

30We can note already that this mean value is lower than the tick size before January 29, 2001.
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traded stocks. If we look at the median values of the spread, they tend to be higher for

smaller stocks, but lower for more frequently traded stocks, which might be explained

by higher competition between market participants for the bigger stocks. The time

series of durations, volumes and spreads show significant positive autocorrelations with

high persistency. Graphs of the corresponding Autocorrelation functions may be found

in figure 5.2. The high values of the Ljung-Box statistics at lag 50 indicate that the

hypothesis of no serial autocorrelation is rejected for almost all time series of dura-

tions, volumes and of bid-ask spreads, the according p-values are almost zero. The

only exceptions are the DEL and the POP stock, where the time series of durations

and volumes do not show a clear pattern in the ACF, while the series of spreads do.

Now we turn to the description of intraday patterns in the data.

5.1.3 Intraday Seasonality

A typical pattern in trade and quote data is the strong seasonality during a trading day.

Durations of traded securities usually are lower in the beginning and in the end of the

trading day, while they are typically higher around noon. High trading activity in the

start of the day can be justified by the fact that traders wish to adjust their positions

to news which came in after the previous market close such as macroeconomic news

or company news releases. Since traders are going for lunch around noon the trading

activity is then lower than during the rest of the day. Short durations in the last trading

hours of the day can be explained by the fact that traders often close their positions

at the end of the trading day, which is institutionalized by the existence of on-close

orders31. The traded volumes and the spreads show a similar pattern. In the beginning

and in the end of the trading day volumes and spreads are high, while they are usually

lower around lunchtime resulting in a U-shaped pattern. Brock and Kleidon (1992)

explain the pattern for spreads with quasi-monopolistic behaviour of NYSE specialists

at the peak of demand periods around the open and the close. They derive that the

demand in these periods is less elastic which leads to higher spreads. Chung, Van Ness

and Van Ness (1999) explain that the U-shaped pattern in the intraday seasonality

of the spread is largely due to intraday patterns in the arrival and execution of limit

orders. They argue that spreads are wider when the quotes are set by specialists alone

and that they are narrower when they directly reflect limit orders.

There are different approaches for the inclusion of intraday seasonality in econometric

models. One possibility is to include the time of day directly as an explanatory variable

in the model. This may for example be implemented with a Fourier series approximation

as proposed by Andersen and Bollerslev (1998) based on the work of Gallant (1981).

In our work we followed a two-step approach as suggested by Russell and Engle (1998).

The authors suggest to assume SY (·) as a deterministic function of the time of day.

31For a description of on-close orders, see Hasbrouck, Sofianos and Sosebee (1993).
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Figure 5.3: Nadaraya-Watson Spline Functions for Intraday Seasonalities

Then the deseasonalized data is used in the second step to estimate the final model.

The assumption of a deterministic seasonality function denies correlations between

estimated parameters in the two steps and therefore introduces some uncertainties.

The seasonality adjustment was carried out using a multiplicative seasonality function,

i.e.

Yt =
Ỹt

SY (τt)
,

where Ỹt denotes the raw time series, Yt denotes the seasonality adjusted time series

and the seasonality function at the time of the t-th trade τt is denoted as SY (τt). We

estimated the intraday seasonality by a non-parametric regression approach. We used a

Nadaraya-Watson kernel estimator to estimate intraday seasonalities for the duration,

the volume, the spread and the depths at the ask and at the bid. As proposed by

Silverman (1984, 1986) we employed an Epanechnikov kernel with data-based band-

width selection. There is no theoretical indication whether to use a non-parametric or

parametric approach for the estimation. In the case of non-parametric estimation the

choice of an optimal bandwidth is a subject not yet solved.

In our application the seasonality functions were estimated separately for the datasets



CHAPTER 5. EMPIRICAL FRAMEWORK 36

JAN and FEB. Figure 5.3 shows the results of this non-paramatric estimation proce-

dure for the durations, volumes and spreads of the DEL, GE and NKE stock for the

period FEB. The patterns mentioned above can be clearly confirmed for the duration.

For the volumes the GE stock does reflect the U-shaped pattern, for the NKE stock

this is not that clear and for the very illiquid DEL stock the intraday seasonality for

the volumes seem to be inverse-U-shaped. The picture is similar for the seasonality

function of the bid-ask spreads. A U-shaped or rather inverse-J-shaped pattern can

be found for the GE stock as well as for the IBM stock and the TXN stock. For the

smaller stocks the intraday seasonality function for the spread tends to decline with the

time of day. The patterns found for the other stocks not depicted here were similar,

the liquid stocks showed the usual patterns much clearer, while the illiquid stocks did

not.

Deseasonalization has different effects on the structure of the data. Obviously, the

data is centered around one after deseasonalization and therefore numerical proper-

ties in the application of ML techniques are often favourable. The lower values of the

Ljung-Box statistics for the deseasonalized time series also indicate a decline of auto-

correlations in the data. Nolte (2004) provides a more detailed analysis of the effects

of deseasonalization for NYSE transaction data including longer term autocorrelation

effects.

5.2 Model Estimation

5.2.1 Preliminaries

In this chapter we report and evaluate estimation results from the models described

in chapter 3. We first want to describe briefly the general estimation procedure for

the three models. The models were estimated in two steps using two different sets

of conditioning information. In the first step, only the price direction process itself

was used as conditioning information. In this part of the estimation we determined

the parameters (p, q) of the ARMA-type processes for the ACM model and the Probit

model which best described the data using the Schwartz information criterion (SIC).

Therefore all models were estimated up to the specifications with p = 3 and q = 3. For

the stationary MC model we chose the order k in this setting. We will later refer to these

specifications as plain models. In the second step we included market microstructure

variables, namely two lags of the duration, the volume, the spread and the depths at

the bid and at the ask. Additionally, we included the lagged price change at time t− 1

as a measure of volatility. For the ACM and the probit model we kept the choice of

the model dynamic determined in step one. For the MC model we restricted the model

to first order Markov chains and estimated the specification presented in section 3.4.3.

We will present the estimates for the plain models for the stocks DEL, GE and NKE for

the sample FEB as representatives in the text and discuss the models primarily for this
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sample. A summary of all estimation results including the specifications with market

microstructure variables is given in the appendix. All estimations were carried out using

GAUSS 6.0 and the MAXLIK 5.0 package. The models were fit via maximum likelihood

estimation using either the BHHH optimization algorithm or the BFGS optimization

algorithm and QML variance covariance matrices.

5.2.2 Estimation of the ACM Model

We estimated the ACM models under the symmetry restrictions proposed by Russell

and Engle (2005) for the vector of constants, and for the parameter matrices of the

vector ARMA process as given in equation (3.3). Stationarity of the estimated models

was checked by evaluating the score of the characteristic polynomial, i.e. | I2 − C1z −
C2z

2 − C3z
3 |= 0, for the AR components of the vector ARMA process as given in

Pohlmeier, Liesenfeld and Nolte (2005).

The main results of the model choice for the sample FEB are summarized in Table

5.3. We computed the multivariate Ljung-Box statistic at lag l = 50 for both, the

residual time series of each model and the raw time series xt|0 which was received by

omitting the component for “no price change” from the state vector. If we compare the

MLB of the raw time series with values of the statistic of the residuals of the fitted

models, we observe a significant decline of the MLB in each step. When examining the

chosen specifications for the included lags, we can see that the SIC criterion suggests

for almost all models to use a specification with p = 3 or q = 3 which means that

the search for the correct specification may be continued further and therefore we

perhaps did not choose the optimal parameterization. Model specifications without

symmetry restrictions which could be tested against the restricted ones by standard

LR tests were not estimated as well in order to keep the number of parameters relatively

small. Pohlmeier, Liesenfeld and Nolte (2005) provide evidence against the use of the

symmetry restrictions.

Table 5.3: Model Choice: ACM Framework,
Sample: January 29, 2001 - February 25, 2001

xt|0 ACM(1,1) min SIC ACM ACM(p,q) with MMV
Stock Obs

MLB SIC MLB (p,q) SIC MLB SIC MLB

# Par. 4 1+p+2*q 1+p+2*q+22

DEL 352 328 1.0166 222 (1,1) 1.0166 222 1.11126 220

GE 47967 3667 1.0142 1091 (3,2) 1.0094 405 0.96944 630

IBM 58410 2569 1.0884 1402 (1,3) 1.0830 645 1.05256 601

NKE 13613 1139 1.0478 367 (3,2) 1.0448 252 1.01438 417

POP 501 223 1.0868 221 (3,1) 1.0793 207 1.17813 227

TIN 8523 503 1.0731 236 (3,1) 1.0730 219 1.04228 233

TXN 47574 8603 0.9599 691 (1,3) 0.9561 330 0.92047 605

Abbreviations: SIC = Schwarz Information Criterion, MLB = Multivariate Ljung-Box Statistic at Lag 50,
MMV = market microstructure variables
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Table 5.4: Regression Outputs of plain ACM Models,
Sample: January 29, 2001 - February 25, 2001

Stock DEL (1,1) GE (3,2) NKE (3,2)

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

µ1 −0.0780 0.0521 −0.0363 0.0058∗∗ −0.0270 0.0062∗∗

c
(1)
1 0.8920 0.0655∗∗ 1.1661 0.0256∗∗ 1.0109 0.0967∗∗

c
(2)
1 −0.2938 0.0413∗∗ −0.4214 0.1342∗∗

c
(3)
1 0.0786 0.0213∗∗ 0.3639 0.0752∗∗

a
(1)
1 0.3529 0.1077∗∗ −0.1439 0.0099∗∗ 0.0257 0.0180

a
(1)
2 0.2514 0.0930∗∗ 0.2159 0.0082∗∗ 0.1426 0.0157∗∗

a
(2)
1 0.1905 0.0101∗∗ 0.0787 0.0211∗∗

a
(2)
2 −0.1573 0.0091∗∗ −0.0561 0.0197∗∗

a
(3)
1

a
(3)
2

mean LL -0.98537 -1.00846 -1.0419950

SIC 1.01664 1.00936 1.0447870
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level

We have added the SIC and the MLB of the model with microstructure variables in the

last two columns, where we can observe a further decline in the SIC for all stocks besides

DEL and POP. In these cases the increase in the SIC is due to the small datasets. Using

this more comprehensive specification the MLB does not tend to decline. We will refer

to these results again in chapter 5.2.5.

The estimation results for the stocks DEL, GE and NKE for the FEB sample are

summarized in table 5.4. All other results may be found in the tables 6.3 and 6.4

in the appendix. The results confirm the findings of Pohlmeier, Liesenfeld and Nolte

(2005) which will be discussed in the following. The high values of the parameter

values c
(1)
1 indicate a high degree of persistence in the log-odds ratios. Most price

direction time series under consideration show positive autocorrelation at higher lags

which is captured with relatively high parameter values in the parameter matrix C1. If

we have a look at the parameter matrices Al, we can observe for most stocks that the

off-diagonal values take on higher values than the diagonal elements which may be used

as an indicator of the bid-ask bounce, since the positive effect on the log-odds ratio of

a change in the same direction as before is smaller than the effect on the log-odds ratio

of a change in the opposite direction. In many cases the diagonal elements are even

negative, which directly reflects the negative first-order autocorrelation, since now the

log-odds ratio of a change in the same direction as before is decreased directly. But

note that the parameter matrices Cl only affect the MA-part of the log-odds ratio via

the innovations. We often can observe an opposite structure of the parameter matrices

in the first lag. The estimated parameter matrices of the stocks DEL, POP and TIN

in the FEB sample did not show this structure. If we compare these findings to the
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figures 5.1 and 6.2, we see that these are the price direction time series for which we

do not observe a significant first-order correlation. In the JAN sample the estimates

for all stocks show this feature.

5.2.3 Estimation of the Probit Model with latent ARMA process

In this section we want to discuss some of the estimation results of the ARMA-probit

models. The estimation results for the models with the smallest SIC for the DEL, GE

and NKE stock are presented in table 5.5. All other estimation results are presented

in the tables 6.5 and 6.6 in the appendix. As for the ACM model the SIC suggested

to use specifications with p = 3 or q = 3 in many cases which indicates that the

inclusion of more lags might further improve the estimation results. For all estimated

models we examined the roots of characteristic polynomials of the ARMA-processes

in the latent variable, all processes showed evidence for stationarity. This is as well

ensured by the construction of the latent process, since in the estimation process the

innovations of the model, the generalized residuals, are deterministic and they always

tend to explain a part of the current deviation of the mean function from the relevant

threshold parameters32.

Table 5.5: Regression Outputs of Probit Models with latent ARMA process
Sample: January 29, 2001 - February 25, 2001

Stock DEL (1,1) GE (2,2) NKE (2,3)

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

α1 −0.7503 0.0885∗∗ −0.7102 0.0056∗∗ −0.6442 0.0122∗∗

α2 0.5661 0.0869∗∗ 0.6894 0.0054∗∗ 0.6186 0.0120∗∗

φ1 0.7945 0.3463∗ 0.9447 0.0471∗∗ 0.0454 0.1419

φ2 −0.2004 0.0185∗∗ 0.5358 0.1266

φ3

θ1 −0.7055 0.4121∗ −1.2348 0.0467∗∗ −0.1463 0.1415

θ2 0.4256 0.0216∗∗ −0.5102 0.1348∗∗

θ3 0.1087 0.0161∗∗

mean LL -1.03430 -1.01118 -1.05371

SIC 1.04788 1.01130 1.05477
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level

If we look at the estimation results we observe that the threshold parameters are more

or less symmetric around zero and that in most cases we can observe high values

for the parameter estimate φ1 which indicates high persistence in the latent variable.

The estimates for the NKE stock in the FEB sample are the only exception of this

phenomenon, here the values are relatively low in the first lag, but increase for the

second lag. Negative first order correlation in the data is reflected by high negative

32See, equation 3.4.
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values of the parameters θ1 which in absolute terms are in most cases larger than the

corresponding values in the AR term φ1.

A problem that arises with latent variable models is the lack of testing procedures

for the goodness-of-fit which is due to the unobservability of the process. In many

applications it is possible to assess the goodness-of-fit of an estimated model by its

forecasting quality. Therefore in a discrete choice model one might choose the outcome

with the highest estimated probability as the forecast for the next outcome. In a next

step by comparison of the predictions with the actual outcomes the ratio of correct

predictions may be computed and may serve as an indication of the goodness-of-fit33.

However, in our case since the category “no price change” reflects the largest category

and since the ARMA-probit model does not produce high variations in the probabilities

of the categories, in almost all cases a zero price change was forecasted using this

method. Therefore this goodness-of-fit measure could not help in the assessment of

different model specifications. A second test that may be found in the literature is a

test proposed by Gourieroux, Monfort and Trognon (1985) which tests for first order

serial correlation in the latent variable. This test was applied by Hausman, Lo and

MacKinlay (1992) in their application of the probit model to financial transaction data

where they test for remaining first order serial correlation in the latent variable after

inclusion of their explanatory variables. A significant value of this additional AR(1)

parameter would mean that there remains some explanatory power in the first lag

of the latent variable and therefore could provide an incentive to search for a better

specification. This test does not make much sense in our specification since we made

the crucial assumption of a latent ARMA-process. So we did not use test statistics to

assess the model specifications of the ARMA-probit model but based all our results on

the SIC criterion.

5.2.4 Estimation of the MC Model

The stationary MC model should serve as a benchmark for the other models. The

stationary MC approach is a very classical approach to modelling price directions or

price changes. Niederhoffer and Osborne (1966) already apply MC models to transac-

tion prices to test for the random walk hypothesis for stock returns. Dryden (1969)

and Fielitz (1975) as well modelled price directions using daily price data and Markov

chains. Fielitz (1975) already rejects the hypothesis of stationary transition probabili-

ties using data of stocks from the NYSE and the London Stock Exchange.

We estimated the price direction process as k-th order stationary MC for k = 1, 2, 3 for

all stocks and for both samples. So we used up to three lags of the direction process

as for the other models as well. For the ML estimation we used the explicit solutions

for the ML estimates given in equation (3.6). Then we chose the model structure using

33See, for example, Wooldridge (2002).
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the SIC as already discussed. The number of parameters is increasing exponentially in

k, therefore the SIC never suggested to use the third order MC since the number of

parameters already approaches 81. For the smaller stocks (namely DEL, POP, TIN)

the SIC criterion indicated to use a first order MC, while for the bigger stocks we

chose a second order model34. The results for the chosen orders are the same in both

samples. The chosen MC orders k were tested against the orders k + 1 using the LR

test presented in section 3.4.2. In most cases these tests indicated that a higher order

would reflect the data even better.

Table 5.6: Estimated transition probabilities of stationary MC Models
Sample: January 29, 2001 - February 25, 2001

DEL P̂−1,k P̂0,k P̂1,k p̂(k)

k = −1 0.3523 0.3409 0.3068 0.2288

k = 0 0.1593 0.6099 0.2308 0.4838

k = 1 0.2477 0.3853 0.3670 0.2873

GE P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.1505 0 0 0.4622 0 0 0.3872 0 0 0.04

(k, l) = (0,−1) 0.1766 0 0 0.4353 0 0 0.3881 0 0 0.12

(k, l) = (1,−1) 0.1615 0 0 0.4131 0 0 0.4254 0 0 0.08

(k, l) = (−1, 0) 0 0.1711 0 0 0.4535 0 0 0.3753 0 0.11

(k, l) = (0, 0) 0 0.2233 0 0 0.5640 0 0 0.2126 0 0.27

(k, l) = (1, 0) 0 0.3301 0 0 0.5274 0 0 0.1425 0 0.13

(k, l) = (−1, 1) 0 0 0.3650 0 0 0.4815 0 0 0.1534 0.10

(k, l) = (0, 1) 0 0 0.3167 0 0 0.5252 0 0 0.1582 0.12

(k, l) = (1, 1) 0 0 0.3159 0 0 0.5550 0 0 0.1291 0.04

NKE P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.2772 0 0 0.4235 0 0 0.2993 0 0 0.07

(k, l) = (0,−1) 0.2489 0 0 0.4212 0 0 0.3300 0 0 0.12

(k, l) = (1,−1) 0.2398 0 0 0.3481 0 0 0.4111 0 0 0.08

(k, l) = (−1, 0) 0 0.2474 0 0 0.4216 0 0 0.3310 0 0.11

(k, l) = (0, 0) 0 0.2201 0 0 0.5657 0 0 0.2142 0 0.24

(k, l) = (1, 0) 0 0.2942 0 0 0.4627 0 0 0.2431 0 0.13

(k, l) = (−1, 1) 0 0 0.3482 0 0 0.4348 0 0 0.2170 0.09

(k, l) = (0, 1) 0 0 0.2649 0 0 0.5072 0 0 0.2278 0.12

(k, l) = (1, 1) 0 0 0.2704 0 0 0.4734 0 0 0.2562 0.06

The results for the DEL, GE and NKE may be found in the table 5.635. The interpre-

tation of the estimation results for the MC models is straightforward. The estimated

values indicate the relative frequencies of moves from one stage to the other. If we for

example look at the DEL results we can see that if the previous move was downwards,

we now observe a relatively high probability of another move either positive or negative,

since the probability of a zero move is only at about 34% and vice versa for a previous

up-move. If we did not observe a price change in the previous trade, the probability of

another trade with no change is at relatively high 61%. This structure is an indication

34The results of the model choice and the according tests are summarized in table 6.7 in the appendix.
35See tables 6.8, 6.9, 6.10 and 6.11 for all other MC estimation results.
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of volatility clustering and may be found in a similar way in the other datasets, but

the effect is much less clear for the other stocks36. In the last column of each table

we added the characteristic vector of probabilities p(∞) = (p(−1), p(0), p(1))′ which

determines the unconditional equilibrium probabilities provided that the assumption

of a stationary MC is true as discussed in chapter 3.4.2. The tables for second order

MC are depicted in a multi-state form as can be found in Ross(2003).

A second observation that can be made is that in the case of a previous down-move

(or even two subsequent down-moves), we normally observe a relatively low probability

of another down-move and vice versa for up-moves. The effect can be observed for all

stocks besides DEL and indicates the existence of a bid-ask bounce. It is quite weak

for the POP and TIN stock in FEB as well. The evidence of the effect is much stronger

for the JAN datasets.

5.2.5 Inclusion of Market Microstructure Variables

In this section we would like to discuss the exact parameterization used for the inclu-

sion of additional regressors in the different models and the results from the estimation

procedure. As already mentioned we included different explanatory variables in the

models, namely durations (dur), spreads (spr), volumes (vol), depths at the ask (ask)

and at the bid (bid) and lagged absolute price changes (pch).

For the ARMA-probit model and the MC probit model we could use a similar param-

eterization of the additional variables. We simply added the regressors in a linear way

as follows

X ′
tβ = β

(1)
vol · volt + β(1)

spr · sprt + β
(1)
dur · durt + β

(1)
bid · bidt + β

(1)
ask · askt

+ β
(2)
vol · volt−1 + β(2)

spr · sprt−1 + β
(2)
dur · durt−1 + β

(2)
bid · bidt−1 + β

(2)
ask · askt−1

+ β
(2)
pch · pcht−1,

while in the case of the MC probit model we included this parameterization in every

part of the likelihood function.37 All information besides the last absolute price change

was entered into the model equation with two lags38. We used the absolute price change

at lag one as a measure of current price volatility. The variables bidt and askt denote

the current quoted depths at the bid and at the ask, note that these figures only re-

flect the sizes at the bid price and at the ask price and do not reflect the cumulative

depth in the limit order book. However, we used these values as an indication of price

pressure in the one or the other direction. The inclusion of microstructure variables in

36The existence of the effect can for all datasets be observed by comparing the second row for the first
order models with the other rows or by comparing the fifth row of the transition matrix of the second
order models with the other rows.

37A clearer description of the market microstructure variables used may be found in Appendix A.
38Note that the filtration used here slightly differs from the one in the definition of the probabilities

πjt = P (dt = j|Ft−1) used in chapter 3.2 since we included the additional variables at time t.
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the ACM model works similar with the difference that we included this linear setting

in both dimensions of the vector process which allows for asymmetric responses of the

variables on the upward and downward log-odds ratios.

During the analysis of the estimation results we have to take into account that due

to their different structure the models allow for the explanation of different effects.

The Markov chain model with weakly exogenous variables in our setting models the

probabilities only conditional on the previous state, there are no higher lags of the

direction process included. The flexibility of the model arises from the fact that it is

capable to choose different parameter values for the market microstructure variables

for each state. On the other hand the probit structure of the model only allows that

the probabilities for the direction process are shifted in a clear direction. For example,

let us assume that the preceding trade was an up-move and that we now observe a high

volume. Since the parameter values β
(1)
vol are normally positive, this leads to a higher

value of the latent variable which finally results in a decrease of the probability of a

downward movement and an increase of the probability of an upward movement. This

can be interpreted as a shift of probability mass from the down-state to the up-state.

The direction of the change of the “no change”-probability cannot be generally stated

and was in most cases negligible in our application. However, it is easy to see that the

changes in the probabilities are broadly speaking “monotonous”39.

The ARMA-Probit model shows the same feature. But this model is capable of mod-

elling longer term dependencies in the direction price process, which is mainly due to

the AR-terms in the latent variable. The inclusion of additional explanatory variables

is more restrictive when compared with the other models. It is not possible to model

these influences state-dependent and the influence of explanatory variables is not mod-

elled in an asymmetric way as in the ACM model.

This feature is one of the strengths of the ACM model. Since the log-odds ratios are

modelled separately, only bounded by the normalizing constraint
∑

j πjt = 1, it is

possible to include asymmetric effects in the influence of additional variables on the

probabilities. If in our example the volume is high, this should lead to higher volatil-

ity following the arguments of Easley and O’Hara (1987). A higher volatility may be

expressed by an increasing probability of both an up-move and a down-move and there-

fore the probability of no change should be decreased. This is represented by positive

values for g
(1)
vol,1 and for g

(1)
vol,−1.

We now want to turn to the discussion of the actual estimation results. We do not want

to explicitely state every estimation result but at least we want to give an overview over

the most important results and state some of the exceptions. If we compare the SIC

values for the models with and without microstructure variables we may observe that

besides for the DEL and POP stock the SIC decreases for the cases where additional

39Figure 5.4 in the next section gives an impression of this pattern.
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regressors are included. We want to start our discussion with the ACM model, the

results are summarized in the tables 6.12-6.15 in the appendix. As already stated in

section 5.2.2, the higher values of the according Q-statistics indicate that the dynamic

properties are captured worse than without the additional regressors40. The inclusion of

the deseasonalized volumes resulted in positive parameter values for most cases except

for IBM and GE. As noted above, positive parameter values indicate that high volumes

come together with high volatility in the direction process. The exceptions cannot be

explained and it is not clear why these two large representatives show negative param-

eter values which indicate lower volatilities coming along with high volumes. Rydberg

and Shephard (2003) derive a positive relation between volume and volatility for data

on the IBM stock in 1995. The parameter values for the spread show a clearer pattern,

high spreads increase probability of a price change, while the probability of a positive

price change even increases more than the probability of a negative price change, since

g
(1)
spr,−1 < g

(1)
spr,1 in all cases except for DEL in the FEB sample. The parameters of

the durations were also positive, indicating that a longer time between transactions

leads to higher volatility. Since for all stocks in both samples the parameters fulfill

g
(1)
dur,−1 > g

(1)
dur,1, the probability of a down-move is even increased more than the prob-

ability of an up-move41. This asymmetric response effect could be tested against an

ACM model with the restriction g
(1)
dur,−1 = g

(1)
dur,1 by standard likelihood ratio methods.

The signs of the variables for the quoted depths have an intuitive interpretation as well.

If we take a high quoted size at the bid as an indication of buying pressure, this should

lead to rising prices. The other way round if a high quoted size at the ask is an indica-

tion of selling pressure, this should tend to decrease prices. For all stocks except DEL

and POP the estimates indicate the following pattern in the signs of the parameters: a

high size at the bid lowers the probability of a decreasing price and increases the prob-

ability of an up-move, a high depth at the ask lowers the probability of an increasing

price and raises the probability of a down-move. We do not want to go through all

these effects in the first lag again. For most cases the parameter values in the first lag

indicate that the effects are partly compensated42. As already mentioned, we included

the absolute value of the last price change as an explanatory variable in the first lag.

If we examine the estimation outputs from the sample FEB, most parameter values

g
(2)
pch,k tend to be positive, but the estimation results do not seem to be significant in

most cases. For the JAN sample, we can state that a high lagged absolute price change

tends to increase the probabilities of a subsequent price change.

In the estimation results for the ARMA-probit model the market variables seem to have

40See, table 5.3.
41Compare the implications of Diamond and Verrecchia (1987) which are in line with the empirical

findings in Engle (2000).
42Remember, that the included regressors show positive autocorrelations with high persistence.
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the lowest impact43. The estimated parameter values are relatively small compared to

the values of the other models. The reason is that the variables are included in a very

unflexible way as already discussed and therefore represent a kind of an “aggregated”

effect. There is no state dependence and no asymmetric modelling included. We could

have used additional dummy variables to come up with this problem but we used an

analogous specification to show the differences between the models. Volume tends to

have a positive effect on the probability of an up-move while the effect of the spread

is not clear. A high intertrade duration seems to influence the direction downwards

which confirms the theoretical predictions of Diamond and Verrecchia (1987). The

signs of the parameters for the depths have an intuitive interpretation as for the ACM

model as well. A high quoted depth at the bid (ask) increases the probability of an

up-(down-)move and lowers the probability of a down-(up-)move. In most cases parts

of the effects are compensated in the first lags. The inclusion of the lagged absolute

price change does not lead to significant parameter estimates in most cases.

We now want to turn to the analysis of the MC-probit model. Remember, we imple-

mented an analogous structure for the market microstructure variables but now the

according parameters are estimated state-dependent on the previous price direction.

This leads to a sharp rise in the number of parameters to be estimated which amounts

to 38 for our model compared to up to 19 parameters for the ARMA-probit model

and up to 32 parameters for the ACM model depending on the chosen orders (p, q).

Note that we did not include the lagged price change as an explanatory variable for

the zero-state, since this would have led to underidentification of the estimation. As

for the other models we want to give an impression of the results which may be found

in the tables ??-?? in the appendix. The estimated parameter values show higher

absolute values compared with the values for the ARMA-probit model and were dif-

ferent conditional on the previous direction44. The parameter values for the included

volumes β
(1)
vol,k indicate that if the lagged change was either positive or negative, high

volumes tend to shift the probabilities in the same direction as for the last trade. If

there was no price change in the previous trade, high volumes tend to come along with

a higher probability of a zero-move or up-move. The same effects may be observed

for the spreads. As for the other models as well, a high duration in most cases led to

a higher probability of a subsequent price decrease. This pattern was less clear if we

already observed a price decrease in the previous trade. The variables for the depths

could be interpreted as before. A high ask size leads to higher probability of a negative

price direction, while a higher depth at the ask tends to increase the probability of a

higher price. As for the other models in some cases part of the effect is compensated

in the first lag, while for the depth variables the first lag tends to confirm the effect.

43The results are summarized in the tables 6.16-6.19 in the appendix.
44Differences between these parameters may be tested using the LR test.
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In the discussion of the ACM results we already noted that a large lagged absolute

price change provides evidence for another price change, at least for the JAN dataset.

For the MC-probit model we observe that a strong previous up-move tends to lead to

a lower probability of another up-move and vice versa for a strong down-move. Note

that the sign of the previous price change is as well included in the model indirectly

via the state-dependent modelling.

5.3 Comparison of the Models

5.3.1 Descriptive Comparison

The next step in the empirical part of this work should be the comparison of the three

competing models with each other. We first want to describe some features of the esti-

mation results for the different models in this section and then turn to the application

of the theory on non-nested tests in the next two sections.

First we want to describe the typical pattern of the time series of estimated proba-

bilities for the three direction categories of the three different models. In figure 5.4

we depicted the time series of 300 randomly chosen subsequent probabilities for the

directions resulting from the estimation procedure. We basically want to state two

observations. First contrary to the other models the ARMA-probit does not allow for

great variations in the probability of the zero category. This is caused by the fact that

the mean function of the latent variable is always close to zero. The probability of

the direction “zero” reflects the probability that the mean function stays in the interval

between the two thresholds. But if the distance to one of the thresholds decreases, the

distance to the other threshold increases at the same time which leads to a relatively

small move in the probability of no price change since we only move some mass in the

middle of the normal distribution function. For the probabilities of an upward and

downward move we have to examine how a change in the mean function changes the

relevant tails of the normal distribution function. We now see a higher variation in the

according probabilities since a move of the mean function into one direction now au-

tomatically leads to a lower (higher) quantile which is the result of only one threshold

affecting these. This drawback of the ARMA-probit model in determining probabilities

of no price change should be mainly due to the restriction made for the conditional

variance with σ2
t = 1. A dynamic modelling of the conditional variance should lead to

higher variations in the probabilities as seen for the other models and therefore should

be a next step for improving the model45.

Second, we can observe that the changes in MC probabilities seem to be more abrupt

and that they do not seem to reveal a high persistence, the graph at least for the ACM

model seems to indicate higher persistence. We further note that the graph nicely re-

flects that MC probabilities are restricted to a discrete number of outcomes.

45The same remarks are valid for the MC-probit specification.
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Figure 5.4: Time Series of estimated probabilities for the directions for a random
sample of 300 subsequent observations in the FEB dataset.

“down” - red, “no change” - green, “up” - blue

Next we want to examine some features of the NYSE data and compare it with

simulated data using the three models under consideration. Figure 5.5 shows the au-

tocorrelation function up to lag 30 for the direction time series of the IBM stock for

the sample FEB as well as ACFs for simulated direction series which were generated

using the three models. We used the specification without additional regressors for

this model comparison. These datasets were generated with the estimated parameter

values for the IBM stock for the sample FEB. If we just compare the autocorrelation

functions given in figure 5.5, the models seem to describe some features of the data. All

models generate data with negative first order autocorrelation of about −0.13 which

supports the existence of a bid-ask bounce empirically. For all models the second order

autocorrelation is negative as well but much smaller in its size. It is not significant for

the ARMA-Probit model. The ACF dies out after the second value for the MC model.

This is not surprising since theoretically, it should be zero because the 2-nd order MC

model just captures information of the last trade and the current value of the process

dt+1 is independent of the filtration Ft−2. The other models reflect the patterns of the

ACF of the original dataset much better. As in the IBM data for these two models the

simulated data shows positive autocorrelations for higher lags, which may represent a
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Figure 5.5: Autocorrelation functions for the IBM stock data (FEB) and simulated
datasets of the same size using the estimation results for all three models

compensation for the bid-ask bounce in later periods. We found a similar pattern for

all bigger stocks, for GE the bid-ask bounce was reflected even clearer with a higher

first-order negative autocorrelation, but the positive autocorrelations for higher lags

were much lower. The TXN, NKE and TIN data shows similar features. Both, the

ACM model and the ARMA-probit model are able to capture these patterns, while

the MC model is not. For the small stocks DEL and POP these findings are no longer

true, the data indicates that the autocorrelations in the first lag tend to be positive.

They are in most cases not significant. The patterns produced by the different model

estimates were in these cases different from the original datasets.

We can state that the ARMA-probit and the ACM model in general seem to reflect

the pattern of the ACF of the original datasets much better than the stationary MC

model which is only able to capture autocorrelation in the data up to the chosen order

of the MC.

5.3.2 Application of the Cox Test Statistic

As introduced in chapter 4.3 we applied the Cox test statistic in order to compare

the three non-nested models. Since we want to discriminate between three models

and the test is only able to compare two models, we have to try to find an ordinal
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ranking between the models by examining the models pairwise. Obviously, such an

ordinal ranking does not have to exist. Additionally, as already stated in chapter 4.3,

when testing non-nested models there is not always a clear discrimination between the

models, since the test has always to be performed twice in a symmetric way, leading to

four possible outcomes. The result of the test does not have to be constructive, but can

also indicate that both models are misspecified and that the model selection procedure

should be continued by trying to find a different model which fits better to the data.

The test statistic was received by the simulation techniques described in section 4.3.2.

The number of replications was therefore set to R = 200, which is in line with the

choices in Pesaran and Pesaran (1995). For each stock and for each of the models as

null hypothesis we simulated 200 price direction time series with the same number of

observations as the original datasets. For all these datasets we reestimated all three

models, the model which generated the data and the two alternative models. While

for the ACM model and the ARMA-probit model the estimation procedure required

numerical evaluation of the ML estimates for the corresponding datasets, the explicit

solutions for the MC estimates were much less time consuming. We only applied the

test to the model specifications without additional market microstructure variables for

the FEB dataset, which was due to the high computational burden. Especially the

huge amount of data that is usually dealt with in empirical market microstructure

research, appears to be the main disadvantage for the application of Cox type tests in

this field, unless there is an explicit solution to the calculation of the test statistic such

as in linear regression models. The KLIC measure was estimated with the estimator

suggested by Coulibaly and Brorsen (1998) as stated in equation (4.1). We used the

simulation based variance estimator as suggested by Kapetanios and Weeks (2003)

given by (4.2). The results are summarized in table 5.7. For all stocks and for all

models, the null hypotheses can be clearly rejected indicating that the models are not

correctly specified and that the models cannot explain the price direction processes

adequately.

Keeping this in mind we use the values of the test statistic to infer a direction into

which the tested model deviates from the true model. If we have a look at the values of

the mean adjusted LR statistics we may observe that most of the values are negative.

Since the sign of the statistic only depends on the nominator and the likelihood ratio,

i.e. lf − lg or lg − lf enters both symmetric statistics Tfg and Tgf additively, we can see

that the expected likelihood ratio (KLIC measure) for most cases takes on a positive

value that overcompensates the first part of the statistic46. This means that the null

model on which the simulation is based always fits much better on the simulated data

46The underlying estimated KLIC measures and the according estimates for the variance of the test
statistic may be found in table 6.24 in the appendix.
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Table 5.7: Cox Generalized Likelihood Ratio Test Statistic for plain Models
Sample: January 29, 2001 - February 25, 2001

Hf : ACM ACM ARMA-probit

Hg : ARMA-probit MC MC

Tfg Tgf Tfg Tgf Tfg Tgf

DEL −4.31	 −120.31 −6.90	 −57.34 −78.80 −8.54	

GE −1098.05	 −5873.62 −5164.53 3477.70	 −7048.72 4957.37	

IBM 35599.72	 −123611.33 26681.59	 −43728.68 −4866.70 −255.65	

NKE −39.63	 −6802.90 −622.53 −188.55	 −1899.18 870.72	

POP −67.57	 −86.21 −56.77	 −105.05 −5.34	 −28.26

TIN −16.80	 −1687.74 −59.50	 −1646.53 96.13	 −434.47

TXN −130.76	 −94123.28 −1996.25	 −2188.82 −12987.20 2177.52	

Abbreviations: 	 indicates the hypothesis with a lower absolute value of the test statistic.
Sample: January 29, 2001 - February 25,

than the other models which is another indication of model misspecification for all

models. A possibility to compare the models is to use the values of the symmetric test

statistic for comparison purposes between the models. The absolute value of the test

statistic indicates how clearly the hypothesis of a model being true has been rejected.

The statistic shows a much clearer rejection of the ARMA-probit model when compared

with the ACM model. If we compare the ARMA-probit model with the MC model,

we can observe a clearer rejection of the ARMA-probit model except for the stocks

POP and TIN. The cases where we observe a positive statistic even clearer indicate

a preference towards the null hypothesis47. However, the main indication of the test

remains that the models are misspecified and that the search of a better model should

be continued.

5.3.3 Application of the Santos Silva (2001) Score Test

As a second approach to discriminate between non-nested models we applied the score

test developed by Santos Silva (2001) which was presented in chapter 4.4. Since the

application of the score test requires much less computational effort, we applied the

test to both the plain models and the more comprehensive model specifications with

market microstructure variables.

The evaluation of the test statistic involved the steps described in the following. The

individual contributions to the score of the single observations could easily be calculated

using equation (4.3). The second term of the denominator of the test statistic (4.4.2)

requires the evaluation of the empirical Hessian which we received as an output of

the MAXLIK function in the statistical package GAUSS during the model estimation

process. We estimated all three models with QML methods for this purpose. The

derivative of the density function with respect to the parameter vector ∂ log f1

∂β
of the

null hypothesis was calculated by numerical differentiation using a two-sided difference

quotient with step length h = 10−6 which led to an approximation error smaller than

47See, Fisher and McAleer (1979).
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ε = 10−4. The nesting parameter was chosen to be ρ = 1, other choices of the parameter

ρ resulted in similar values for the test statistics48.

The results of the score test procedure may be found in table 5.8. Remember that the

test statistic given in the table is chi-squared distributed with one degree of freedom

representing the restriction on the mixing parameter α. The results show that in most

cases the models are clearly rejected in both directions looking at Tfg and Tgf . This

means that the test clearly indicates model misspecification for all three models. There

are only two cases where a model may be kept. For the DEL stock the ARMA-Probit

model cannot be rejected against both other models. For the POP stock the ACM

model against the MC model is not rejected on a 5%-level. In both cases the evidence

in the data against the null is probably too small because these two stocks are the

most illiquid of the chosen ones and therefore the datasets are relatively small (352

observations for the DEL stock and 501 observations for the POP stock in the FEB

samples).

Table 5.8: Test Statistics for the competing models without microstructure variables
using the Santos Silva (2001) Score Test

Hf : ACM ACM ARMA-Probit

Hg : ARMA-Probit MC MC

Tfg Tgf Tfg Tgf Tfg Tgf

DEL 20.12 1.62	 9.39	 13.83 0.75	 25.40

GE 12761.33	 13354.14 2806.98 42.31	 18263.91 18181.20	

IBM 14825.20	 16976.78 2042.15 90.48	 22262.99 18984.97	

NKE 1481.51	 2641.50 229.00 89.13	 3031.77 2176.90	

POP 18.52	 79.87 2.79	 14.12 81.41 54.77	

TIN 47.66	 362.29 6.65	 118.07 252.86 58.34	

TXN 2178.11	 7882.74 812.94 609.62	 9395.43 4337.74	

Abbreviations: 	 indicates the hypothesis with a lower test statistic.
Sample: January 29, 2001 - February 25, 2001

If we try to compare the relative adequateness of the models by the values of the test

statistics of both directions, we can see that except for the DEL stock the ARMA-

probit model is rejected with a higher statistic against the ACM model and against

the MC model than the other way round. This might indicate, that the ACM and the

MC model should be preferred to the ARMA-probit model. But the values of the test

statistic are in all cases very high and therefore these statements have to be treated

with caution. If we compare the ACM model and the MC approach, the picture is not

that clear. In the cases where the SIC indicated to choose a second order Markov chain,

namely for the GE, IBM, NKE and the TXN stock, the ACM models are rejected much

clearer than the MC models and the difference between the test statistics is relatively

high. In the cases where the SIC indicated to use a first order MC, the null hypothesis

48As already mentioned Santos Silva (2001) argues that the nesting parameter can be chosen with regard
to computational convenience.
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of a MC model shows a higher test statistic than the null of an ACM model. If we

compare the directions indicated by the score test and the Cox test, we may observe

that they are in most cases the same. There are differences for the comparison of the

ACM with the MC model for IBM and TXN and for the comparison of the ARMA-

probit model with the MC model for the stocks POP and TIN. These differences may

not be explained but they show that a comparison based on a single point in a whole

distribution should be handled with care.

The results of the test for the specifications with market microstructure variables are

Table 5.9: Test Statistics for the competing models with microstructure variables
using the Santos Silva (2001) Score Test

Hf : ACM ACM ARMA-probit

Hg : ARMA-probit MC-probit MC-probit

Tfg Tgf Tfg Tgf Tfg Tgf

DEL 10.55	 11.92 1.44	 25.87 0.31	 27.57

GE 834.65	 9623.15 4872.92 430.06	 14766.28 12179.19	

IBM 878.06	 11847.04 3988.82 990.53	 15160.99 6891.91	

NKE 33.55	 1493.72 692.06 316.47	 1628.06 181.14	

POP 12.16	 38.83 28.39 18.90	 32.17 7.60	

TIN 334.85	 334.90 459.57 221.55	 224.99 60.97	

TXN 128.99	 5464.65 1554.97 1351.85	 4690.94 101.93	

Abbreviations: 	 indicates the hypothesis with a lower test statistic.
Sample: January 29, 2001 - February 25, 2001

summarized in table 5.9. As in the poorer specification most models are clearly rejected.

The only exception is the ARMA-probit model against the MC model and the ACM

model against the MC-probit model for the DEL stock. In this case the MC-probit

model does not seem to catch the dynamic of the data adequately, since all other stocks

show a different and homogeneous behaviour. For all other stocks, the null hypotheses

of the ACM and the MC-probit model being true show a much lower test statistic

against the ARMA-probit model than the other way round. Comparing the values of

the test statistics of the ACM model against the MC-probit model, the null of an ACM

model shows in all cases a higher test statistic and is therefore rejected much clearer

than the MC-probit model. If we compare the values of the statistics we can state

that they tend to be lower than for the plain specifications for most stocks which may

indicate that the degree of misspecification of the models decreased.

5.3.4 Summary of the Model Comparison

If we remember the results of the comparison of the ACF patterns for the three models,

the test statistics for both the Cox test and the score test are surprising. The MC

approach was only able to capture some parts of the ACF but seems to perform better

than the other two models when assessed using the tests. This must be mainly due

to its ability to provide a better model for the whole probability distribution of the

discrete response models on which the test statistics are based. The ARMA-probit
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model performs worst against the other models when looking at the test results. This

is mainly due to the fact that the ARMA-probit model does not allow much variation in

the probability of the outcome “no change” as already discussed in section 5.2.5. Since

this category is the one which appears most frequently there is the need for a model to

be able to give good predictions of the probability of this category. This weakness might

be overcome by modelling conditional covariance in the probit structure. However, the

ARMA-probit model seems to be able to capture the structure of the ACF much better

than the MC model. The main result of the testing procedure is the strong indication

of misspecification of all three models.

5.4 Tick Size Reduction and Effects on the Price Direction Process

In this section we want to examine the data for possible implications of the tick size

change that has taken place on January 29, 2001 with a focus on effects on the price

direction process. Remember that the minimum price variation at that date was re-

duced from 1
16

USD to 0.01 USD. We do not provide a descriptive analysis of the whole

dataset for JAN, but would rather like to discuss the main features by comparing the

seasonality functions estimated for the JAN and FEB sample. The results for the IBM

stock49 are depicted in figure 5.6 and show a similar dynamic in the intraday seasonal-

ity patterns for both samples under consideration. Only for the small stocks DEL and

POP we observe more irregular changes in the intraday dynamics. The comparison of

the levels of the seasonality functions shows significant differences in the two samples

before and after the change of the tick size. Some of the differences are very clear

and may be confirmed for all datasets. As predicted by economic theory, the quoted

spreads have been narrowed for all chosen stocks. While the spreads decreased more

for the large stocks which is in line with higher competition and lower liquidity risks50,

they decrease more moderately for the more illiquid stocks51. We can observe a similar

clear pattern for the quoted depths at the bid and at the ask. For all stocks except for

DEL we can observe that the quoted sizes decline significantly over the whole season-

ality function. Again the effect is stronger for the large stocks, where the percentage

decrease in average quote sizes at the bid ranges from about 45% for IBM to 64%

for GE, and weaker for the small stocks with values ranging from 11% (DEL) to 38%

(NKE). The figures for the depths at the ask are almost the same. Note that we did

not estimate the seasonality functions for the spreads and quoted depths based on the

quote file from the TAQ2 database but we used the consolidated database consisting

of the data in the quote databases at the times at which a trade occurred only. But

49The corresponding graphs for DEL, GE and NKE may be found in the figures 6.4-6.6 in the appendix.
50The percentage decrease in the mean of the time series of spreads ranges from about 40% for the IBM

stock to about 57% for the GE stock.
51POP shows a decrease of about 19%, the TIN spreads decrease about 30% and DEL spreads decrease

about 36%.
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Figure 5.6: Comparison of the Seasonality functions of the IBM stock for the samples
JAN (blue graph) and FEB (green graph)

since the amount of data is still large our results may be seen as a good approximation

of the results for the whole sample. The direction of the changes in quoted spreads

and depths in our estimation results confirm the findings of Goldstein and Kavajecz

(2001), Jones and Lipson (2001) and Bessembinder (2003) for the change in tick sizes

at the NYSE in 2001. Changes in intertrade durations and traded volumes do not show

a clear direction. While the average time between two successive trades declines for

DEL, IBM and TIN, we observe higher average values for GE, NKE, POP and TXN

which is reflected in the seasonality functions as well. The observations are similar

for the traded volumes, while the average traded volume increases for DEL, POP and

TXN, the traded volumes in number of stocks decrease for GE, IBM, NKE and TIN52.

We now want to discuss the impact of the tick size reduction on the price direction

process. If we compare the histograms of the price direction processes and the ACFs for

all stocks in figure 5.1 in section 5.1.2 and the figures 6.1-6.3 in the appendix we may

observe that the ratio of trades without price change is clearly decreasing from JAN to

FEB and that more probability mass is shifted towards both categories which represent

a price change. A second observation is that negative first order autocorrelation tends

to decrease for all stocks under consideration from the sample JAN to the sample FEB.

52A next step in the analysis could be the comparison of traded volumes in USD.



CHAPTER 5. EMPIRICAL FRAMEWORK 55

At the same time positive autocorrelation at higher lags tends to increase indicating

that the data consisted more longer term dependencies in the FEB dataset.

These changes in the price direction data are reflected in the different estimates of the

models. We first want to examine the differences in the stationary MC models since

these differences may be directly interpreted53. The impact of the decline of the zero

category on the estimates is direct. Higher values can be observed for the conditional

probabilities of the zero category given the preceding states for all stocks in sample

JAN. At the same time both probabilities for changing prices are lower for JAN. The

higher first order negative autocorrelation before the tick size change may be observed

when looking at the changes of the values in the corners of the matrices. The differences

between the probabilities for an up-move and a down-move conditional on a preceding

change decreased from the samples JAN to FEB and so did the first-order negative

correlation.54

The change in the structure of the data may also be seen in the estimates for the

ARMA-probit model. For all stocks the estimated thresholds α1 and α2 for the FEB

data are smaller in absolute value. This implies a smaller probability of no price

change if we keep in mind that the conditional variance was restricted to equal σ2
t = 1

for the ARMA-probit model in both months. There is no clear tendency in the cho-

sen ARMA(p,q) order using the SIC. For the plain ACM models we may observe a

tendency to lower parameterization in the JAN sample except for TXN where the SIC

suggested to choose higher orders. The parameter values between JAN and FEB are

therefore not directly comparable.

If we turn to the analysis of differences in the influence of explanatory variables, we

face one main problem. We included all variables except for the lagged price change

after deseasonalization with a deterministic seasonality function and we used a different

seasonality function for both samples. Effects like the decreasing spreads may not be

recognized when comparing the deseasonalized time series since after deseasonalization

both time series are at the same level. All included variables now fluctuate around one.

Therefore implications of the change in tick sizes on the price direction process may be

compensated by a different seasonality function or by different parameter estimates for

our models. Both effects might tend into the same direction and therefore have to be

cumulated or they tend into different directions and partly compensate each other.

If we first compare the signs of the parameters in the periods before and after the

change in tick size we can state that the direction of the effects of market microstruc-

ture variables remains the same for both periods for all models under consideration.

Since the inclusion of market variables showed similar results for all three models, we

53The corresponding estimation results may be found in the tables 6.8-6.11 in the appendix.
54This expression may be formalized for a first-order MC, i.e. | P̂ JAN

1,j − P̂ JAN
−1,j | > | P̂FEB

1,j − P̂FEB
−1,j |

for j = −1, 1 , and in an analogous way for the different cases of a second-order MC.
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want to concentrate on the parameter estimates of the ACM models in our analysis

because the ACM models additionally allow for the explanation of asymmetric effects.

If we compare the parameter estimates for the traded volume we may observe a slight

decline in the estimates for almost all parameters except for POP and the parameter

g
(1)
vol,−1 for NKE, but the changes in the estimates are very small. This is surprising

since we expected that the impact of volume on the price increases when tick sizes are

smaller. Such a finding would have been in line with the implications of the model pro-

posed by Seppi (1997). Since there was no clear pattern in the development of traded

volumes from JAN to FEB, we cannot observe a clear impact on the price direction

process. Traded volumes increased for DEL, POP and TXN, but the corresponding

parameter estimates decreased, so the effects in these cases partly compensate each

other. The traded volumes decreased for NKE and TIN which means that the effect

on the price direction process is even strengthened by the lower parameter estimates

resulting in a lower impact of volume on volatility. The observed effect is different

for GE and IBM, where we observe negative parameter estimates. If we for example

examine the values for GE, the parameter estimate for g
(1)
vol,−1 decreased from −0.0467

to −0.0896 while at the same time average traded volume decreased from 6062.24 to

5682.98 stocks. The impact may be explained as follows: Deseasonalized volumes now

have a stronger negative effect on the probability of upward or downward price changes,

while this stronger effect is as well based on a lower average volume due to multiplica-

tive deseasonalization which even produces a stronger overall effect. However, we used

the volume variable to show how the arguments work but since we did not see a clear

pattern for the development of traded volumes implications of the tick size changes

cannot be clearly isolated.

The impact of the spread on volatility is changing much clearer after the reductions in

tick size, while the spreads decrease about 20% to 57% we also see decreasing param-

eter values (except for GE) which decrease about 18% to 60%. For GE the increase

in the parameter estimates cannot overcompensate the decrease in the average spread.

These results show that in our application the effect of the spread on the volatility of

the price direction decreased significantly. Our results do not state a direction for the

causality between spread and volatility, since in theoretical works the arguments are

most often used the other way round55.

The changes in the parameter estimates for the durations are positive or almost negli-

gible for all stocks. But since average durations do not change in a clear structure we

cannot derive a clear indication of any impact of the change in tick size on the direction

price process via the time between to successive trades.

We do not see a clear change in the parameter estimates of the depths. In many cases

55See, for example, Ho and Stoll (1981) derive that the risk adjustment in the spreads depends on the
market makers risk aversion, transaction size and the instantaneous variance of the stock.
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the absolute values are slightly increasing which indicates that the parameter estimates

compensate part of the effect of the strongly decreasing quoted depths. However, we

want to emphasize that we only used these variables as an indication for the direction

of the influences of quoted depths since these might only be an indication of cumulative

depths in the limit order book. The quoted depths after the change of the tick size

may be seen as the inner part of the quoted depths before the tick size change which

had to be rounded up to a higher quote price before.

We want to briefly summarize the results of this section: The decimalization at the

NYSE led to significant reductions in quoted depths and quoted spreads. Implications

of the tick size change are directly reflected in the characteristics of the price direction

process, we may see a reduction of the ratio of trades without price changes and lower

persistence in the ACFs. These findings are clearly catched in the estimation results

of the plain models. The effect of additional market microstructure variables is not

that clear and must be analyzed further, we did not see a clear change in the impact

of trade size but we could see that the influence of the spread decreased for all time

series. Since we did not analyze data from the whole limit order book, we do not want

to over-interpret the results for quoted depths.



Chapter 6

Conclusion

The main focus of this work has been the analysis of price direction processes at trans-

action level of different stocks traded at the NYSE. Three different models have been

applied to the data, namely the autoregressive conditional multinomial model, a probit

model with latent ARMA-process and different specifications of Markov chain models.

The models have been assessed by a description of their strengths and weaknesses in

modelling probabilities and by the application of non-nested tests. The implications of

the decimalisation at the NYSE on price direction processes were examined in a further

application.

The main results of this thesis may be summarized as follows: The descriptive analy-

sis of the estimation results showed that especially the ARMA-probit model and the

ACM model are able to describe different patterns in the ACF of the direction price

processes. The MC model is not able to model longer term persistence in the ACF

pattern. A further examination of the forecasted probabilities showed that the ARMA-

probit structure with constant conditional variance is not able to produce adequate

variations for the probability of no price move while the other models are. The re-

sults of the application of two different types of non-nested tests, namely a score test

suggested by Santos Silva (2001) and a simulation-based version of the Cox likelihood

ratio test, clearly indicated model misspecification for the three models applied to the

data. If we take the values of the test statistics as an indication of model quality we can

summarize that the ARMA-probit specification performs worse than the other models.

Even though the MC model is a very classical approach to modelling price directions,

in most cases it seems to fit to the data best. Both tests delivered similar results,

therefore we would suggest to prefer score tests as the one suggested by Santos Silva

(2001) for applications with transaction data. The results in our case could not justify

the high computational burden in the application of simulation techniques to datasets

of this size.

In order to distinguish between these kinds of misspecified models we propose to con-

tinue with the application of tests like the one suggested by Vuong (1989). The appli-

cability of this test requires that different computational problems have to be solved in

order to avoid the application of simulation techniques. Another next step would be
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the comparison of the model performance in out-of-sample periods.

But since the non-nested tests we applied mainly indicated misspecification of the mod-

els, future research should place emphasis on the development of a different approach

to come up with the drawbacks of our models. Models should combine the strengths

of both the ACM model and the MC-probit model, asymmetric modelling of up-moves

and down-moves with parameters for microstructure variables that are dependent on

the past trade, i.e. by inclusion of dummy-variables.

As already mentioned in the beginning of this work, the econometric models that we

used were not explicitely motivated by economic theory, instead they are models which

were able to cope with similar problems in other applications. A different model which

is more closely linked to market microstructure theory should lead to a better capture

of the dynamics in the market.

On January 29, 2001, the NYSE reduced its tick size from 1
16

USD to 0.01 USD. This

change also had implications on the price direction process. While the ratio of trades

with a price change is decreasing, we observe a higher first-order negative autocorrela-

tion. These effects are captured by all three models under consideration. The analysis

of the influence of market microstructure variables on the price direction process before

and after the tick size change delivered two main results. First, a high spread does

indicate higher volatility in the price direction process, but this effect decreased with

the reduction of the tick size. Second, the effect of volumes on volatilities did not

increase when tick sizes were reduced. Stability of these effects should be examined for

a dataset which covers a later period in order to allow for adjustment of the processes

to the new regulatory setting.
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Appendix A: Abbreviations

List of Abbreviations

ACF : Autocovariance Function

ACM : Autoregressive Conditional Multinomial

ARMA : Autoregressive Moving Average

ARMA-probit : Probit Model with ARMA process as latent variable

BFGS : Broyden, Fletcher, Goldfarb & Shanno

BHHH : Berndt, Hall, Hall & Hausman

DEL : Deltic Timber Inc.

FEB : Samples for the stocks ranging from

: January 29, 2001 to February 25, 2001

GARCH : Generalized Autoregressive Conditional Heteroscedasticity

GE : General Electric Company

IBM : International Business Machines

i.n.i.d. : independent not identically distributed

JAN : Samples for the stocks ranging from

: January 1, 2001 to January 28, 2001

LL : Log Likelihood

LM : Lagrange Multiplier

LR : Likelihood Ratio

MLE : Maximum Likelihood Estimation

NKE : Nike Corporation

NYSE : New York Stock Exchange

PACF : Partial Autocovariance Function

POP : Pope and Talbot Inc.

QML : Quasi-Maximum Likelihood

SIC : Schwartz Information Criterion

TAQ2 database : Trade and Quote database

TIN : Temple-Inland Inc.

TXN : Texas Instruments Corporation

USD : US Dollar
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Description of Market Microstructure Variables

askt : deseasonalized value of the quoted depth at the ask at time t

bidt : deseasonalized value of the quoted depth at the bid at time t

durt : deseasonalized value of the intertrade duration

: measured in seconds at time t

pcht : logarithm of absolute value of the price change incremented

: by 1 at time t

sprt : deseasonalized value of the spread at time t

volt : deseasonalized value of the traded volume

: in number of stocks at time t
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Table 6.1: Summary of Descriptive Statistics of Durations and Volumes,
Sample: January 29, 2001 - February 25, 2001

Time Series of Durations (in seconds)

Stock Mean Std Skewness Kurtosis Min Median Max LB(50)

DEL 1064.21 1648.09 3.0231 14.0760 1 466 12251 61.91

( 0.9434 ) ( 1.3089 ) ( 2.6260 ) ( 11.1113 ) ( 0.0008 ) ( 0.4772 ) ( 8.85966 ) ( 75.59 )

GE 9.24 9.92 2.8615 15.4102 1 6 133 2600.70

( 0.9997 ) ( 1.0673 ) ( 2.8609 ) ( 15.5702 ) ( 0.0945 ) ( 0.6363 ) ( 14.8855 ) ( 1987.78 )

IBM 7.59 7.06 2.9324 17.6383 1 5 110 16245.27

( 0.9997 ) ( 0.8861 ) ( 2.5710 ) ( 13.5766 ) ( 0.0957 ) ( 0.7412 ) ( 11.0557 ) ( 6163.05 )

NKE 32.12 42.54 3.2476 20.2908 1 17 601 3408.29

( 0.9934 ) ( 1.2658 ) ( 2.9671 ) ( 17.0947 ) ( 0.0254 ) ( 0.5519 ) ( 15.9291 ) ( 1710.99 )

POP 804.25 1258.61 4.0842 30.7621 1 370 14046 113.37

( 0.9715 ) ( 1.5750 ) ( 5.5843 ) ( 57.2028 ) ( 0.0009 ) ( 0.4563 ) ( 20.8714 ) ( 91.85 )

TIN 51.53 81.21 4.5674 37.4204 1 24 1341 2606.59

( 0.9895 ) ( 1.4013 ) ( 3.7782 ) ( 26.1131 ) ( 0.0134 ) ( 0.5141 ) ( 18.6422 ) ( 679.20 )

TXN 9.26 11.57 5.6540 65.9250 1 6 302 3682.25

( 0.9984 ) ( 1.2472 ) ( 5.8016 ) ( 69.7307 ) ( 0.0942 ) ( 0.6416 ) ( 34.7468 ) ( 3140.66 )

Time Series of Volumes (in Shares)

Stock Mean Std Skewness Kurtosis Min Median Max LB(50)

DEL 446.05 1645.35 16.9500 313.1284 100 200 31000 5.04

( 0.9967 ) ( 2.9849 ) ( 15.1060 ) ( 262.0995 ) ( 0.1696 ) ( 0.3990 ) ( 53.3624 ) ( 10.73 )

GE 5682.98 12344.65 12.3778 334.9481 100 2000 500000 8185.86

( 0.9993 ) ( 2.2059 ) ( 13.2920 ) ( 388.2112 ) ( 0.0117 ) ( 0.3580 ) ( 107.1287 ) ( 6054.26 )

IBM 2031.62 3967.09 9.7972 205.6685 100 900 157000 15650.73

( 1.0005 ) ( 1.9997 ) ( 11.7063 ) ( 314.0336 ) ( 0.0314 ) ( 0.4280 ) ( 95.8520 ) ( 10348.71 )

NKE 1549.43 5278.84 17.6994 539.4188 100 500 250800 473.27

( 0.9999 ) ( 3.4197 ) ( 19.1678 ) ( 663.0057 ) ( 0.0561 ) ( 0.3272 ) ( 175.9442 ) ( 419.19 )

POP 846.21 3000.35 6.9077 54.4120 100 200 30000 128.21

( 0.9990 ) ( 3.4489 ) ( 6.8878 ) ( 53.8893 ) ( 0.0865 ) ( 0.2269 ) ( 35.4188 ) ( 131.38 )

TIN 707.75 1572.17 20.3062 665.0899 100 400 69400 483.87

( 1.0042 ) ( 2.0937 ) ( 18.4850 ) ( 555.8190 ) ( 0.1096 ) ( 0.5913 ) ( 86.5910 ) ( 375.64 )

TXN 3881.46 12240.02 22.6809 1040.4814 100 1000 763000 6346.97

( 0.9968 ) ( 3.0533 ) ( 19.8142 ) ( 811.1388 ) ( 0.0191 ) ( 0.2676 ) ( 195.7439 ) ( 5722.55 )

Abbreviations: Std = Standard Deviation, Min = Minimum, Max = Maximum,
LB(50) = Ljung-Box Statistic at Lag 50.

The values in brackets (·) are the corresponding values for the deseasonalized time series.
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Table 6.2: Summary of Descriptive Statistics of the Spread,
Sample: January 29, 2001 - February 25, 2001

Time Series of Bid-Ask Spread (in Dollar)

Stock Mean Std Skewness Kurtosis Min Median Max LB(50)

DEL 0.0816 0.0442 0.3841 3.6595 0.01 0.09 0.27 886.22

( 0.9970 ) ( 0.5410 ) ( 0.3612 ) ( 3.3958 ) ( 0.1025 ) ( 1.0302 ) ( 2.9319 ) ( 822.71 )

GE 0.0414 0.0351 2.6793 17.2163 0.01 0.03 0.50 196271.16

( 1.0005 ) ( 0.7868 ) ( 2.3243 ) ( 14.4808 ) ( 0.1302 ) ( 0.8088 ) ( 13.0276 ) ( 142654.78 )

IBM 0.0977 0.0798 1.9660 10.3970 0.01 0.08 1.00 155906.63

( 0.9986 ) ( 0.8009 ) ( 1.9221 ) ( 10.3965 ) ( 0.0763 ) ( 0.8222 ) ( 10.0332 ) ( 142315.30 )

NKE 0.0795 0.0797 2.6508 15.2345 0.01 0.06 0.80 18516.77

( 0.9971 ) ( 0.9653 ) ( 2.5026 ) ( 14.3672 ) ( 0.0881 ) ( 0.7110 ) ( 10.7333 ) ( 15760.93 )

POP 0.1385 0.0993 1.3779 7.4274 0.01 0.13 0.81 637.02

( 1.0024 ) ( 0.7270 ) ( 1.5155 ) ( 8.3292 ) ( 0.0675 ) ( 0.8843 ) ( 6.0729 ) ( 627.42 )

TIN 0.0994 0.0864 1.7795 8.8757 0.01 0.08 0.93 11786.20

( 1.0032 ) ( 0.8377 ) ( 1.6764 ) ( 8.8636 ) ( 0.0725 ) ( 0.8044 ) ( 10.2257 ) ( 8800.48 )

TXN 0.0681 0.0727 3.5845 25.0334 0.01 0.05 1.00 99488.83

( 1.0002 ) ( 1.0281 ) ( 3.4986 ) ( 25.1756 ) ( 0.0934 ) ( 0.7198 ) ( 15.3580 ) ( 88139.82 )

Abbreviations: Std = Standard Deviation, Min = Minimum, Max = Maximum,
LB(50) = Ljung-Box Statistic at Lag 50.

The values in brackets (·) are the corresponding values for the deseasonalized time series.

Figure 6.1: Histograms and ACFs for the Directions of DEL, GE and NKE,
Sample: January 01, 2001 - January 28, 2001
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Figure 6.2: Histograms and ACFs for the Directions of IBM, POP, TIN and TXN,
Sample: January 29, 2001 - February 25, 2001

Figure 6.3: Histograms and ACFs for the Directions of IBM, POP, TIN and TXN,
Sample: January 01, 2001 - January 28, 2001
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Figure 6.4: Comparison of the Seasonality functions of the DEL stock for the samples
JAN (blue graph) and FEB (green graph)

Figure 6.5: Comparison of the Seasonality functions of the GE stock for the samples
JAN (blue graph) and FEB (green graph)
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Figure 6.6: Comparison of the Seasonality functions of the NKE stock for the samples
JAN (blue graph) and FEB (green graph)
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Table 6.3: Regression Outputs of plain ACM Models,
Sample: January 29, 2001 - February 25, 2001

Stock DEL (1,1) GE (3,2) IBM (1,3) NKE (3,2)

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

µ1 −0.0780 0.0521 −0.0363 0.0058∗∗ −0.0094 0.0017∗∗ −0.0270 0.0062∗∗

c
(1)
1 0.8920 0.0655∗∗ 1.1661 0.0256∗∗ 0.8909 0.0116∗∗ 1.0109 0.0967∗∗

c
(2)
1 −0.2938 0.0413∗∗ −0.4214 0.1342∗∗

c
(3)
1 0.0786 0.0213∗∗ 0.3639 0.0752∗∗

a
(1)
1 0.3529 0.1077∗∗ −0.1439 0.0099∗∗ 0.0057 0.0093 0.0257 0.0180

a
(1)
2 0.2514 0.0930∗∗ 0.2159 0.0082∗∗ 0.1948 0.0088∗∗ 0.1426 0.0157∗∗

a
(2)
1 0.1905 0.0101∗∗ 0.0273 0.0120∗ 0.0787 0.0211∗∗

a
(2)
2 −0.1573 0.0091∗∗ −0.1256 0.0121∗∗ −0.0561 0.0197∗∗

a
(3)
1 0.0619 0.0097∗∗

a
(3)
2 0.0004 0.0090

mean LL -0.98537 -1.00846 -1.08228 -1.0419950

SIC 1.01664 1.00936 1.08303 1.0447870

Stock POP (3,1) TIN (3,1) TXN(1,3)

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

µ1 −0.0209 0.0358 −0.0099 0.0033∗∗ −0.0390 0.0052∗∗

c
(1)
1 2.2251 0.1444∗∗ 2.2408 0.1064∗∗ 0.9601 0.0053∗∗

c
(2)
1 −2.1580 0.3253∗∗ −1.9680 0.1856∗∗

c
(3)
1 0.8800 0.2514∗∗ 0.7020 0.0865∗∗

a
(1)
1 0.0682 0.1245 0.0376 0.0069∗∗ 0.1558 0.0096∗∗

a
(1)
2 0.0488 0.2462 0.0209 0.0042∗∗ 0.2544 0.0086∗∗

a
(2)
1 −0.0384 0.0122∗∗

a
(2)
2 −0.1083 0.0120∗∗

a
(3)
1 0.0057 0.0107

a
(3)
2 −0.0453 0.0093∗∗

mean LL -1.04375 -1.06986 -0.95525

SIC 1.07937 1.07304 0.95616
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.4: Regression Outputs of plain ACM Models,
Sample: January 01, 2001 - January 28, 2001

Stock DEL (1,1) GE (2,3) IBM (1,2) NKE (1,2)

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

µ1 −0.2963 0.1311∗∗ −0.1258 0.0253∗∗ −0.0681 0.0093∗∗ −0.0808 0.0174∗∗

c
(1)
1 0.7444 0.1122∗ 0.7766 0.0824∗∗ 0.8752 0.0168∗∗ 0.9244 0.0162∗∗

c
(2)
1 0.1250 0.0852

c
(3)
1

a
(1)
1 0.0728 0.0781 −0.3147 0.0092∗∗ −0.2396 0.0099∗∗ −0.1215 0.0189∗∗

a
(1)
2 0.1676 0.0821∗∗ 0.3659 0.0080∗∗ 0.2823 0.0081∗∗ 0.2211 0.0150∗∗

a
(2)
1 0.2994 0.0274∗∗ 0.2851 0.0093∗∗ 0.1843 0.0186∗∗

a
(2)
2 −0.1957 0.0326∗∗ −0.2037 0.0090∗∗ −0.1628 0.0158∗∗

a
(3)
1 0.0801 0.0311∗

a
(3)
2 −0.0715 0.0307∗

mean LL -0.92767 -0.85159 -1.01796 -0.94464

SIC 0.96309 0.85252 1.01857 0.94675

Stock POP (1,2) TIN (1,2) TXN (2,3)

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

µ1 −0.1458 0.0673∗ −0.0667 0.0287∗ −0.001540 0.0042

c
(1)
1 0.8231 0.0782∗∗ 0.9385 0.0264∗∗ 1.860229 0.0093∗∗

c
(2)
1 −0.871319 0.0066∗∗

c
(3)
1

a
(1)
1 0.0517 0.0807 0.0266 0.0240 −0.111223 0.0045∗∗

a
(1)
2 0.2823 0.0780∗∗ 0.1975 0.0221∗∗ 0.397233 0.0074∗∗

a
(2)
1 0.1263 0.0817 0.0688 0.0290∗ 0.332910 0.0082∗∗

a
(2)
2 −0.1202 0.0889 −0.1395 0.0223∗∗ −0.644530 0.0109∗∗

a
(3)
1 −0.217716 0.0049∗∗

a
(3)
2 0.251639 0.0063∗∗

mean LL -0.99134 -0.94360 -0.81941

SIC 1.02220 0.94750 0.82036
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.5: Regression Outputs of Probit Models with latent ARMA process,
Sample: January 29, 2001 - February 25, 2001

Stock DEL (1,1) GE (2,2) IBM (2,2) NKE (2,3)

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

α1 −0.7503 0.0885∗∗ −0.7102 0.0056∗∗ −0.4934 0.0057∗∗ −0.6442 0.0122∗∗

α2 0.5661 0.0869∗∗ 0.6894 0.0054∗∗ 0.4290 0.0056∗∗ 0.6186 0.0120∗∗

φ1 0.7945 0.3463∗ 0.9447 0.0471∗∗ 1.1332 0.0223∗∗ 0.0454 0.1419

φ2 −0.2004 0.0185∗∗ −0.2801 0.0223∗∗ 0.5358 0.1266

φ3

θ1 −0.7055 0.4121∗ −1.2348 0.0467∗∗ −1.3114 0.0207∗∗ −0.1463 0.1415

θ2 0.4256 0.0216∗∗ 0.4693 0.0206∗∗ −0.5102 0.1348∗∗

θ3 0.1087 0.0161∗∗

mean LL -1.03430 -1.01118 -1.08550 -1.05371

SIC 1.04788 1.01130 1.08574 1.05477

Stock POP (0,3) TIN (2,2) TXN(1,3)

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

α1 −0.4779 0.0605∗∗ −0.4934 −0.5932∗∗ −0.7962 0.0068∗∗

α2 0.6414 0.0624∗∗ 0.4290 0.5346∗∗ 0.7664 0.0067∗∗

φ1 1.1332 1.1518∗∗ 0.8399 0.0270∗∗

φ2 −0.2801 −0.3463∗∗

φ3

θ1 −0.0740 0.0557 −1.3114 −1.1682∗∗ −0.9349 0.0275∗∗

θ2 0.0941 0.0585 0.4693 0.4075∗∗ 0.0501 0.0091∗∗

θ3 0.0762 0.0571 0.0600 0.0067∗∗

mean LL -1.06910 -1.07645 -1.07645

SIC 1.07555 1.07714 1.07714
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level



Appendix B: Tables and Figures 75

Table 6.6: Regression Outputs of Probit Models with latent ARMA process,
Sample: January 01, 2001 - January 28, 2001

Stock DEL (2,3) GE (2,2) IBM (2,3) NKE (1,3)

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

α1 −0.8120 0.0744∗∗ −0.9800 0.0054∗∗ −0.6520 0.0052∗∗ −0.8500 0.0120∗∗

α2 0.9587 0.0800∗∗ 0.9858 0.0052∗∗ 0.6117 0.0050∗∗ 0.8172 0.0117∗∗

φ1 0.8951 0.0156∗∗ 0.8916 0.0248∗∗ 0.9604 0.1421∗∗ 0.7822 0.0663∗∗

φ2 −0.9824 0.0132∗∗ −0.0957 0.0096∗∗ −0.2167 0.1111∗

φ3

θ1 −1.0078 0.0756∗∗ −1.5117 0.0244∗∗ −1.3985 0.1423∗∗ −1.0366 0.0675∗∗

θ2 1.0464 0.0715∗∗ 0.6017 0.0168∗∗ 0.6538 0.1743∗∗ 0.1931 0.0247∗∗

θ3 −0.0678 0.0770 −0.0719 0.0557 0.0427 0.0129∗∗

mean LL -0.91038 -0.83358 -1.01434 -0.94646

SIC 0.93729 0.83372 1.01465 0.94738

Stock POP (3,3) TIN (1,3) TXN (2,2)

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

α1 −0.7475 0.0555∗∗ −0.8568 0.0194∗∗ −1.0141 0.0061∗∗

α2 0.7283 0.0547∗∗ 0.8091 0.0190∗∗ 1.0037 0.0059∗∗

φ1 −0.5867 0.2673∗ 0.8430 0.0463∗∗ 0.8599 0.0309∗∗

φ2 −0.2401 0.2261 −0.0592 0.0165∗∗

φ3 −0.4574 0.1040∗∗

θ1 0.4222 0.2406∗ −0.9710 0.0484∗∗ −1.2869 0.0304∗∗

θ2 0.1574 0.1555 0.1180 0.0234∗∗ 0.4252 0.0164∗∗

θ3 0.6279 0.1258∗∗ 0.0435 0.0177∗

mean LL -0.99214 -0.95211 -0.82966

SIC 1.00207 0.95296 0.82980
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level

Table 6.7: Model choice: k-th order stationary Markov chain Model

SIC, Sample: JAN SIC, Sample: FEB

Stock k=1 k=2 k=3 LR k=1 k=2 k=3 LR

DEL 1.0060	 1.1412 1.1375 7.89 1.0784	 1.1866 1.4676 12.31

GE 0.8556 0.8228	 0.8279 2111.89∗∗ 1.0147 1.0050	 1.0069 762.82∗∗

IBM 1.0206 1.0102	 1.0127 808.73∗∗ 1.0854 1.0845	 1.0877 155.04∗∗

NKE 0.9508 0.9489	 0.9631 176.10∗∗ 1.0550 1.0545	 1.0688 93.12∗∗

POP 1.0488	 1.1272 1.3268 8.88 1.1246	 1.2025 1.4837 15.28

TIN 0.9554	 0.9624 0.9912 31.44∗∗ 1.0828	 1.0840 1.1074 70.79∗∗

TXN 0.8292 0.8129 0.8148 1226.50∗∗ 0.9740 0.9667	 0.9674 702.480∗∗
	 indicates the chosen MC order with the lowest SIC

LR denotes the likelihood ratio test of the chosen order k against the order k + 1
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Table 6.8: Estimated transition probabilities of first order stationary MC Models,
Sample: January 29, 2001 - February 25, 2001

Stock DEL POP TIN

preceding

state P̂−1,k P̂0,k P̂1,k p̂(k) P̂−1,k P̂0,k P̂1,k p̂(k) P̂−1,k P̂0,k P̂1,k p̂(k)

k = −1 0.3523 0.3409 0.3068 0.23 0.2892 0.4036 0.3072 0.32 0.2835 0.4211 0.2954 0.28

k = 0 0.1593 0.6099 0.2308 0.48 0.3122 0.4570 0.2308 0.42 0.2536 0.4513 0.2951 0.42

k = 1 0.2477 0.3853 0.3670 0.29 0.3571 0.3786 0.2643 0.26 0.3052 0.3924 0.3024 0.29

Table 6.9: Estimated transition probabilities of second order stationary MC Models,
Sample: January 29, 2001 - February 25, 2001

GE P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.1505 0 0 0.4622 0 0 0.3872 0 0 0.04

(k, l) = (0,−1) 0.1766 0 0 0.4353 0 0 0.3881 0 0 0.12

(k, l) = (1,−1) 0.1615 0 0 0.4131 0 0 0.4254 0 0 0.08

(k, l) = (−1, 0) 0 0.1711 0 0 0.4535 0 0 0.3753 0 0.11

(k, l) = (0, 0) 0 0.2233 0 0 0.5640 0 0 0.2126 0 0.27

(k, l) = (1, 0) 0 0.3301 0 0 0.5274 0 0 0.1425 0 0.13

(k, l) = (−1, 1) 0 0 0.3650 0 0 0.4815 0 0 0.1534 0.10

(k, l) = (0, 1) 0 0 0.3167 0 0 0.5252 0 0 0.1582 0.12

(k, l) = (1, 1) 0 0 0.3159 0 0 0.5550 0 0 0.1291 0.04

IBM P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.2639 0 0 0.3067 0 0 0.4295 0 0 0.09

(k, l) = (0,−1) 0.2832 0 0 0.2772 0 0 0.4396 0 0 0.11

(k, l) = (1,−1) 0.2833 0 0 0.2672 0 0 0.4495 0 0 0.12

(k, l) = (−1, 0) 0 0.2787 0 0 0.3265 0 0 0.3948 0 0.09

(k, l) = (0, 0) 0 0.2836 0 0 0.4244 0 0 0.2920 0 0.14

(k, l) = (1, 0) 0 0.3353 0 0 0.3938 0 0 0.2709 0 0.13

(k, l) = (−1, 1) 0 0 0.3643 0 0 0.3656 0 0 0.2701 0.14

(k, l) = (0, 1) 0 0 0.3605 0 0 0.3832 0 0 0.2561 0.11

(k, l) = (1, 1) 0 0 0.3568 0 0 0.3786 0 0 0.2645 0.09

NKE P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.2772 0 0 0.4235 0 0 0.2993 0 0 0.07

(k, l) = (0,−1) 0.2489 0 0 0.4212 0 0 0.3300 0 0 0.12

(k, l) = (1,−1) 0.2398 0 0 0.3481 0 0 0.4111 0 0 0.08

(k, l) = (−1, 0) 0 0.2474 0 0 0.4216 0 0 0.3310 0 0.11

(k, l) = (0, 0) 0 0.2201 0 0 0.5657 0 0 0.2142 0 0.24

(k, l) = (1, 0) 0 0.2942 0 0 0.4627 0 0 0.2431 0 0.13

(k, l) = (−1, 1) 0 0 0.3482 0 0 0.4348 0 0 0.2170 0.09

(k, l) = (0, 1) 0 0 0.2649 0 0 0.5072 0 0 0.2278 0.12

(k, l) = (1, 1) 0 0 0.2704 0 0 0.4734 0 0 0.2562 0.06

TXN P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.2036 0 0 0.5083 0 0 0.2881 0 0 0.05

(k, l) = (0,−1) 0.2282 0 0 0.4656 0 0 0.3062 0 0 0.10

(k, l) = (1,−1) 0.2361 0 0 0.3862 0 0 0.3777 0 0 0.06

(k, l) = (−1, 0) 0 0.1896 0 0 0.5264 0 0 0.2839 0 0.10

(k, l) = (0, 0) 0 0.1619 0 0 0.6866 0 0 0.1515 0 0.36

(k, l) = (1, 0) 0 0.2617 0 0 0.5473 0 0 0.1911 0 0.11

(k, l) = (−1, 1) 0 0 0.3087 0 0 0.4538 0 0 0.2375 0.07

(k, l) = (0, 1) 0 0 0.2612 0 0 0.5006 0 0 0.2380 0.10

(k, l) = (1, 1) 0 0 0.2543 0 0 0.5410 0 0 0.2048 0.05
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Table 6.10: Estimated transition probabilities of first order stationary MC Models,
Sample: January 01, 2001 - January 28, 2001

Stock DEL POP TIN

preceding

state P̂−1,k P̂0,k P̂1,k p̂(k) P̂−1,k P̂0,k P̂1,k p̂(k) P̂−1,k P̂0,k P̂1,k p̂(k)

k = −1 0.2112 0.5774 0.2112 0.22 0.2192 0.4520 0.3287 0.23 0.2065 0.4799 0.3135 0.20

k = 0 0.1969 0.6414 0.1616 0.61 0.1976 0.5805 0.2218 0.52 0.1792 0.6257 0.1949 0.59

k = 1 0.2982 0.5263 0.1754 0.17 0.3333 0.4733 0.1933 0.24 0.2430 0.5954 0.1615 0.21

Table 6.11: Estimated transition probabilities of second order stationary MC Models,
Sample: January 01, 2001 - January 28, 2001

GE P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.0403 0 0 0.6171 0 0 0.3425 0 0 0.01

(k, l) = (0,−1) 0.0363 0 0 0.5066 0 0 0.4569 0 0 0.11

(k, l) = (1,−1) 0.0445 0 0 0.5236 0 0 0.4318 0 0 0.07

(k, l) = (−1, 0) 0 0.0671 0 0 0.5599 0 0 0.3729 0 0.10

(k, l) = (0, 0) 0 0.1729 0 0 0.6881 0 0 0.1389 0 0.41

(k, l) = (1, 0) 0 0.3293 0 0 0.6285 0 0 0.0420 0 0.11

(k, l) = (−1, 1) 0 0 0.3688 0 0 0.5976 0 0 0.0334 0.08

(k, l) = (0, 1) 0 0 0.3725 0 0 0.5903 0 0 0.0371 0.10

(k, l) = (1, 1) 0 0 0.2719 0 0 0.6620 0 0 0.0659 0.01

IBM P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.1348 0 0 0.3824 0 0 0.4827 0 0 0.04

(k, l) = (0,−1) 0.1328 0 0 0.3764 0 0 0.4906 0 0 0.12

(k, l) = (1,−1) 0.1590 0 0 0.3616 0 0 0.4792 0 0 0.11

(k, l) = (−1, 0) 0 0.1760 0 0 0.3953 0 0 0.4286 0 0.10

(k, l) = (0, 0) 0 0.2566 0 0 0.5053 0 0 0.2379 0 0.21

(k, l) = (1, 0) 0 0.3467 0 0 0.4915 0 0 0.1617 0 0.13

(k, l) = (−1, 1) 0 0 0.4077 0 0 0.4591 0 0 0.1331 0.13

(k, l) = (0, 1) 0 0 0.4156 0 0 0.4683 0 0 0.1160 0.12

(k, l) = (1, 1) 0 0 0.3681 0 0 0.4839 0 0 0.1474 0.04

NKE P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.1755 0 0 0.5750 0 0 0.2493 0 0 0.03

(k, l) = (0,−1) 0.1402 0 0 0.5340 0 0 0.3256 0 0 0.11

(k, l) = (1,−1) 0.1325 0 0 0.4720 0 0 0.3954 0 0 0.06

(k, l) = (−1, 0) 0 0.1362 0 0 0.5611 0 0 0.3025 0 0.11

(k, l) = (0, 0) 0 0.1768 0 0 0.6294 0 0 0.1936 0 0.36

(k, l) = (1, 0) 0 0.2637 0 0 0.5961 0 0 0.1394 0 0.12

(k, l) = (−1, 1) 0 0 0.3441 0 0 0.5404 0 0 0.1154 0.07

(k, l) = (0, 1) 0 0 0.2961 0 0 0.5842 0 0 0.1195 0.12

(k, l) = (1, 1) 0 0 0.2364 0 0 0.6125 0 0 0.1509 0.03

TXN P̂−1,k,l P̂−1,k,l P̂−1,k,l P̂0,k,l P̂0,k,l P̂0,k,l P̂1,k,l P̂1,k,l P̂1,k,l p̂((k, l))

(k, l) = (−1,−1) 0.0623 0 0 0.6246 0 0 0.3130 0 0 0.01

(k, l) = (0,−1) 0.0878 0 0 0.5112 0 0 0.4008 0 0 0.10

(k, l) = (1,−1) 0.0745 0 0 0.4832 0 0 0.4422 0 0 0.06

(k, l) = (−1, 0) 0 0.0939 0 0 0.6020 0 0 0.3039 0 0.09

(k, l) = (0, 0) 0 0.1339 0 0 0.7523 0 0 0.1137 0 0.47

(k, l) = (1, 0) 0 0.2677 0 0 0.6434 0 0 0.1911 0 0.10

(k, l) = (−1, 1) 0 0 0.3581 0 0 0.5728 0 0 0.0689 0.07

(k, l) = (0, 1) 0 0 0.3254 0 0 0.5876 0 0 0.0869 0.09

(k, l) = (1, 1) 0 0 0.2446 0 0 0.6671 0 0 0.0881 0.01
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Table 6.12: Regression Outputs of ACM Models with market microstructure variables,
Sample: January 29, 2001 - February 25,2001

Stock DEL GE IBM NKE

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

µ1 1.4483 1.4475 −1.7782 0.1027∗∗ −0.3993 0.0913∗∗ −1.0082 0.2130∗∗

c
(1)
1 −0.2247 0.2029 0.2377 0.0457∗∗ 0.8071 0.0385∗∗ 0.1940 0.1062∗

c
(2)
1 −0.0483 0.0133∗∗ 0.0313 0.0336

c
(3)
1 −0.0315 0.0127∗ −0.0313 0.0329

a
(1)
1 −0.1170 0.2060 −0.0401 0.0196∗ −0.0021 0.0122 0.0311 0.0324

a
(1)
2 −0.2546 0.2219 0.3386 0.0173∗∗ 0.2108 0.0118∗∗ 0.1784 0.0315∗∗

a
(2)
1 0.0661 0.0135∗∗ 0.0392 0.0117∗∗ 0.1304 0.0178∗∗

a
(2)
2 0.0503 0.0131∗∗ −0.1075 0.0145∗∗ 0.0720 0.0258∗∗

a
(3)
1 0.0699 0.0114∗∗

a
(3)
2 −0.0062 0.0098

g
(1)
vol,−1 0.3915 0.1662∗ −0.0896 0.0081∗∗ −0.2021 0.0089∗∗ 0.0614 0.0176∗∗

g
(1)
vol,1 0.5640 0.1659∗∗ −0.0182 0.0082∗ −0.0692 0.0087∗∗ 0.0718 0.0174∗∗

g
(1)
spr,−1 0.5107 0.2454∗ 0.4074 0.0265∗∗ 0.2336 0.0188∗∗ 0.4351 0.0327∗∗

g
(1)
spr,1 0.1897 0.2606 0.4576 0.0266∗∗ 0.2478 0.0201∗∗ 0.4768 0.0324∗∗

g
(1)
dur,−1 0.1823 0.0927∗ 0.5593 0.0137∗∗ 0.5834 0.0146∗∗ 0.3459 0.0170∗∗

g
(1)
dur,1 0.0823 0.0866 0.5101 0.0133∗∗ 0.4893 0.0140∗∗ 0.3203 0.0167∗∗

g
(1)
bid,−1 0.1843 0.1908 −0.0834 0.0138∗∗ −0.0737 0.0110∗∗ −0.0087 0.0201

g
(1)
bid,1 −0.4315 0.2319∗ 0.0099 0.0133 0.0367 0.0100∗∗ 0.0039 0.0212

g
(1)
ask,−1 −0.0711 0.1913 0.0198 0.0129 0.0590 0.0099∗∗ 0.0376 0.0201∗

g
(1)
ask,1 0.0293 0.1671 −0.0516 0.0131∗∗ −0.1165 0.0100∗∗ −0.0505 0.0191∗∗

g
(2)
vol,−1 0.3258 0.2162 −0.1378 0.0107 0.1418 0.0150∗∗ −0.0705 0.0180∗∗

g
(2)
vol,1 0.3120 0.2168 −0.1635 0.0090∗∗ 0.0181 0.0156 −0.0743 0.0181∗∗

g
(2)
spr,−1 −0.2373 0.2684 −0.4007 0.0268∗ −0.2161 0.0161∗∗ −0.2944 0.0475∗∗

g
(2)
spr,1 0.3085 0.2758 −0.4006 0.0262∗∗ −0.2211 0.0163∗∗ −0.3341 0.0429∗∗

g
(2)
dur,−1 0.0914 0.0950 −0.0994 0.0326∗∗ −0.5017 0.0284∗∗ −0.0633 0.0414

g
(2)
dur,1 0.3278 0.0853∗∗ −0.1315 0.0286∗∗ −0.4341 0.0228∗∗ −0.0373 0.0371

g
(2)
bid,−1 0.4162 0.2366∗ −0.0484 0.0156∗∗ 0.0540 0.0131∗∗ −0.1412 0.0247∗∗

g
(2)
bid,1 0.3731 0.2250∗ −0.0237 0.0134∗ −0.0321 0.0100∗∗ 0.0257 0.0242

g
(2)
ask,−1 −0.1997 0.1843 −0.0326 0.0131∗ −0.0414 0.0106∗∗ 0.0053 0.0226

g
(2)
ask,1 −0.4749 0.1683∗∗ −0.0703 0.0153∗∗ 0.0985 0.0128∗∗ −0.0926 0.0279∗∗

g
(2)
pch,−1 0.7143 0.3623∗ −0.2155 0.0354∗∗ −0.0013 0.0122 0.0101 0.0518

g
(2)
pch,1 0.6661 0.3582∗ −0.1370 0.0358∗∗ 0.0073 0.0113 0.0163 0.0503

mean LL -0.89969 -0.96607 -1.04975 -1.00390

SIC 1.11127 0.96944 1.05256 1.01437
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.13: Regression Outputs of ACM Models with market microstructure variables,
Sample: January 29, 2001 - February 25, 2001

Stock POP TIN TXN

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

µ1 −1.2302 1.3391 −0.1587 0.0862∗ −1.3203 0.0858∗∗

c
(1)
1 0.5341 0.2271∗ 0.8277 0.0604∗∗ 0.7450 0.0251∗∗

c
(2)
1 −0.0554 0.1764 0.0504 0.0618

c
(3)
1 0.0314 0.1822 0.0412 0.0370

a
(1)
1 0.1022 0.1539 0.0887 0.0318∗∗ 0.2679 0.0155∗∗

a
(1)
2 0.0989 0.1379 0.0629 0.0254∗ 0.3943 0.0142∗∗

a
(2)
1 0.0155 0.01150.1762

a
(2)
2 −0.0381 0.0133∗∗

a
(3)
1 0.0929 0.0098∗∗

a
(3)
2 0.0031 0.0101

g
(1)
vol,−1 0.0594 0.0984∗ 0.2021 0.0300∗∗ 0.1136 0.0091∗∗

g
(1)
vol,1 0.1560 0.1081 0.2241 0.0280∗∗ 0.1261 0.0091∗∗

g
(1)
spr,−1 0.2665 0.1543∗ 0.3360 0.0368∗∗ 0.3061 0.0243∗∗

g
(1)
spr,1 0.4149 0.1655∗ 0.4322 0.0397∗∗ 0.3716 0.0242∗∗

g
(1)
dur,−1 0.3183 0.0641∗∗ 0.2813 0.0208∗∗ 0.2757 0.0144∗∗

g
(1)
dur,1 0.2551 0.0664∗∗ 0.2676 0.0194∗∗ 0.0904 0.0140∗∗

g
(1)
bid,−1 −0.0511 0.1257 −0.1475 0.0257∗∗ −0.1125 0.0109∗∗

g
(1)
bid,1 −0.1366 0.1324 0.0859 0.0254∗∗ 0.0934 0.0105∗∗

g
(1)
ask,−1 0.1404 0.1024 0.0845 0.0265∗∗ 0.0716 0.0104∗∗

g
(1)
ask,1 0.1683 0.1086 −0.1255 0.0256∗∗ −0.1284 0.0101∗∗

g
(2)
vol,−1 −0.1358 0.1040 −0.2176 0.0320∗∗ −0.2593 0.0119∗∗

g
(2)
vol,1 −0.2831 0.1273∗ −0.2370 0.0282∗∗ −0.2507 0.0104∗∗

g
(2)
spr,−1 −0.1368 0.2828 −0.3266 0.0354∗∗ −0.2274 0.0238∗∗

g
(2)
spr,1 −0.3734 0.2190∗ −0.4196 0.0368∗∗ −0.2722 0.0224∗∗

g
(2)
dur,−1 −0.2582 0.0648∗∗ −0.2692 0.0206∗∗ −0.2868 0.0180∗∗

g
(2)
dur,1 −0.1520 0.0810∗ −0.2668 0.0195∗∗ −0.1660 0.0146∗∗

g
(2)
bid,−1 0.0368 0.1483 0.1265 0.0316∗∗ 0.1063 0.0110∗∗

g
(2)
bid,1 0.1167 0.1446 −0.0706 0.0252∗∗ −0.0659 0.0108∗∗

g
(2)
ask,−1 −0.1380 0.1334 −0.0612 0.0311∗ −0.0548 0.0109∗∗

g
(2)
ask,1 −0.2067 0.1104∗ 0.1249 0.0258∗∗ 0.1027 0.0108∗∗

g
(2)
pch,−1 0.1705 0.1924 0.0208 0.0223 −0.2481 0.0260∗∗

g
(2)
pch,1 0.1462 0.2043 0.0265 0.0215 −0.2246 0.0256∗∗

mean LL -1.00728 -1.02743 -0.91707

SIC 1.17814 1.04228 0.92046
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.14: Regression Outputs of ACM Models with market microstructure variables,
Sample: Sample: January 01, 2001 - January 28, 2001

Stock DEL GE IBM NKE

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

µ1 −1.4152 1.2100 −2.6934 0.2844∗∗ −2.8769 0.2958∗∗ −2.0039 0.3096∗∗

c
(1)
1 0.6267 0.1406∗∗ 0.0459 0.0913 −0.0755 0.1024 0.0322 0.1169

c
(2)
1 −0.0503 0.0954

c
(3)
1

a
(1)
1 −0.1804 0.3073 −0.6045 0.0576∗∗ −0.3895 0.0388∗∗ −0.2611 0.0687∗∗

a
(1)
2 0.1155 0.3242 0.1593 0.0311∗∗ 0.1689 0.0345∗∗ 0.1291 0.0629∗

a
(2)
1 0.0261 0.0381 0.0223 0.0362 0.0404 0.0347

a
(2)
2 0.0582 0.0294∗ 0.0538 0.0286∗ 0.0493 0.0331

a
(3)
1 0.0421 0.0209∗

a
(3)
2 0.0455 0.0224∗

g
(1)
vol,−1 0.8212 0.2090∗∗ −0.0467 0.0231∗∗ −0.1602 0.0083∗∗ −0.0219 0.0168

g
(1)
vol,1 0.4657 0.1841∗ 0.0316 0.0076∗∗ 0.0331 0.0082∗∗ 0.1748 0.0167∗∗

g
(1)
spr,−1 0.0097 0.4064 0.2703 0.0231∗∗ 0.4370 0.0332∗∗ 0.5394 0.0554∗∗

g
(1)
spr,1 0.1909 0.5430 0.1554 0.0112∗∗ 0.5511 0.0345∗∗ 0.5788 0.0554∗∗

g
(1)
dur,−1 0.3671 0.0870∗∗ 0.2382 0.0124∗∗ 0.2991 0.0140∗∗ 0.2864 0.0187∗∗

g
(1)
dur,1 0.1473 0.1011 0.2160 0.0111∗∗ 0.2680 0.0139∗∗ 0.1966 0.0179∗∗

g
(1)
bid,−1 −0.4429 0.3761 −0.1065 0.0194∗∗ −0.0718 0.0185∗∗ −0.1159 0.0238∗∗

g
(1)
bid,1 1.0828 0.5670∗ −0.0180 0.0201 0.0120 0.0185 0.1020 0.0258∗∗

g
(1)
ask,−1 0.3200 0.3027 −0.0313 0.0222 0.0766 0.0164∗∗ 0.0530 0.0222∗

g
(1)
ask,1 −0.9992 0.4710∗ −0.1379 0.0182∗∗ −0.1243 0.0167∗∗ −0.1068 0.0226∗∗

g
(2)
vol,−1 −0.7128 0.2079∗∗ −0.1294 0.0191∗∗ −0.0065 0.0207 −0.0039 0.0170

g
(2)
vol,1 −0.5272 0.1767∗∗ −0.1461 0.0223∗∗ −0.1250 0.0098∗∗ −0.1370 0.0229∗∗

g
(2)
spr,−1 0.3135 0.4018 −0.2306 0.0321∗∗ −0.1497 0.0415∗∗ −0.3754 0.0654∗∗

g
(2)
spr,1 −0.0871 0.5664 −0.0772 0.0182∗∗ −0.1969 0.0455∗∗ −0.3322 0.0663∗∗

g
(2)
dur,−1 −0.2265 0.1024∗ −0.0083 0.0161 0.0188 0.0413 0.0023 0.0284

g
(2)
dur,1 −0.1638 0.0826∗ −0.0529 0.0321∗∗ 0.0185 0.0395 0.0137 0.0264

g
(2)
bid,−1 0.1309 0.4186 −0.0693 0.0232∗∗ −0.0724 0.0206∗∗ −0.0684 0.0352∗

g
(2)
bid,1 −0.9167 0.6010 −0.0191 0.0183 0.0329 0.0201 −0.0154 0.0304

g
(2)
ask,−1 −0.1293 0.3234 0.0341 0.0071∗∗ 0.0747 0.0183∗∗ 0.0301 0.0248

g
(2)
ask,1 0.8449 0.4258∗ 0.0046 0.0217 −0.0104 0.0252 −0.0562 0.0332∗

g
(2)
pch,−1 0.2192 0.4451 0.2015 0.0321∗∗ 0.1228 0.0364∗∗ 0.1874 0.0754∗

g
(2)
pch,1 0.0930 0.3672 0.4091 0.0354∗∗ 0.1722 0.0370∗∗ 0.1394 0.0746∗

mean LL -0.82561 -0.83342 -0.99705 -0.91154

SIC 1.05580 0.83414 0.99992 0.92138
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.15: Regression Outputs of ACM Models with market microstructure variables,
Sample: January 01, 2001 - January 28, 2001

Stock POP TIN TXN

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

µ1 −1.7807 1.1689 −0.1781 0.1043∗ −1.8214 0.0954∗∗

c
(1)
1 0.4966 0.2260∗ 0.9178 0.0530∗∗ 0.7661 0.0471∗∗

c
(2)
1 −0.0432 0.0162∗∗

c
(3)
1

a
(1)
1 −0.4080 0.2721 −0.0934 0.0485∗ 0.2439 0.0174∗∗

a
(1)
2 −0.1125 0.2661 0.1412 0.0466∗∗ 0.4054 0.0156∗∗

a
(2)
1 0.1198 0.0865 0.0677 0.0283∗ 0.0215 0.0163

a
(2)
2 −0.1063 0.1301 −0.1830 0.0264∗∗ −0.0211 0.0106∗∗

a
(3)
1 0.0818 0.0091∗∗

a
(3)
2 0.0071 0.0121

g
(1)
vol,−1 0.2874 0.1058∗∗ 0.2416 0.0353∗∗ 0.1216 0.0094∗∗

g
(1)
vol,1 0.0476 0.1145 0.2355 0.0332∗∗ 0.1322 0.0093∗∗

g
(1)
spr,−1 0.6664 0.2378∗∗ 0.8388 0.1375∗∗ 0.5771 0.0762∗∗

g
(1)
spr,1 0.6477 0.2307∗∗ 0.6681 0.1325∗∗ 0.5110 0.0712∗∗

g
(1)
dur,−1 0.2815 0.0628∗∗ 0.2876 0.0260∗∗ 0.2879 0.0170∗∗

g
(1)
dur,1 0.1761 0.0548∗∗ 0.1784 0.0249∗∗ 0.0925 0.0151∗∗

g
(1)
bid,−1 −0.1243 0.1154 −0.2062 0.0304∗∗ −0.0914 0.0099∗∗

g
(1)
bid,1 −0.0475 0.1115 0.0866 0.0310∗∗ 0.0877 0.0098∗∗

g
(1)
ask,−1 −0.2457 0.1143∗ 0.1473 0.0338∗∗ 0.0688 0.0102∗∗

g
(1)
ask,1 −0.1987 0.1213∗ −0.1705 0.0271∗∗ −0.1124 0.0132∗∗

g
(2)
vol,−1 −0.3178 0.1073∗∗ −0.2362 0.0325∗∗ −0.1744 0.0156∗∗

g
(2)
vol,1 −0.0488 0.1092 −0.2381 0.0324∗∗ −0.2224 0.0103∗∗

g
(2)
spr,−1 −0.4954 0.3264 −0.8294 0.1280∗∗ −0.2161 0.0212∗∗

g
(2)
spr,1 −0.4207 0.2921 −0.6718 0.1324∗∗ −0.2612 0.0209∗∗

g
(2)
dur,−1 −0.1909 0.0634∗∗ −0.2628 0.0270∗∗ −0.2476 0.0177∗∗

g
(2)
dur,1 −0.1001 0.0561∗ −0.1732 0.0236∗∗ −0.1388 0.0139∗∗

g
(2)
bid,−1 0.0862 0.1132 0.1894 0.0383∗∗ 0.1082 0.0106∗∗

g
(2)
bid,1 0.1604 0.1190 −0.0728 0.0337∗ −0.0509 0.0099∗∗

g
(2)
ask,−1 0.2829 0.1260∗ −0.1333 0.0403∗∗ −0.0487 0.0098∗∗

g
(2)
ask,1 0.1775 0.1274 0.1538 0.0297∗∗ 0.0872 0.0111∗∗

g
(2)
pch,−1 0.4918 0.2391∗ 0.0957 0.0601 −0.1312 0.0179∗∗

g
(2)
pch,1 0.4778 0.2594∗ 0.1059 0.0598∗ −0.1001 0.0133∗∗

mean LL -0.93777 -0.89469 -0.91333

SIC 1.08177 0.91287 0.91420
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.16: Regression Outputs of ARMA-probit Models with market microstructure
variables,
Sample: January 29, 2001 - February 25, 2001

Stock DEL GE IBM NKE

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

α1 −0.8107 0.5169 −0.9184 0.0565∗∗ −0.4483 0.0567∗∗ −0.7165 0.0676∗∗

α2 0.5197 0.5126 0.4925 0.0564∗∗ 0.4843 0.0567∗∗ 0.5641 0.0674∗∗

φ1 −0.4810 0.1653∗∗ 0.9788 0.0675∗∗ 1.0925 0.0245∗∗ −0.1189 0.0838

φ2 −0.2112 0.0177∗∗ −0.2599 0.0199∗∗ 0.0222 0.0657

φ3

θ1 0.6169 0.1879∗∗ −1.2791 0.0673∗∗ −1.2899 0.0233∗∗ 0.0009 0.0843

θ2 0.4510 0.0234∗∗ 0.4615 0.0183∗∗ −0.0238 0.0684

θ3 0.0532 0.0155∗∗

β
(1)
vol 0.1006 0.0701 0.0302 0.0031∗∗ 0.0463 0.0036∗∗ 0.0102 0.0082

β
(1)
spr −0.1042 0.0956 −0.0010 0.0072 −0.0024 0.0048 0.0187 0.0155

β
(1)
dur −0.0323 0.0354 −0.0196 0.0054∗∗ −0.0335 0.0054∗∗ −0.0063 0.0068

β
(1)
bid −0.2686 0.0973∗∗ 0.0497 0.0041∗∗ 0.0427 0.0035∗∗ −0.0111 0.0096

β
(1)
ask 0.0279 0.0768 −0.0420 0.0042∗∗ −0.0695 0.0034∗∗ −0.0316 0.0092∗∗

β
(2)
vol 0.0186 0.0716 −0.0218 0.0033∗∗ −0.0440 0.0036∗∗ 0.0031 0.0079

β
(2)
spr 0.2270 0.0924∗ −0.0010 0.0073 0.0048 0.0048 −0.0273 0.0159∗

β
(2)
dur 0.0705 0.0474 0.0112 0.0061∗ 0.0249 0.0056∗∗ 0.0037 0.0076

β
(2)
bid −0.0487 0.1079 −0.0394 0.0067∗∗ −0.0343 0.0040∗∗ 0.0893 0.0102∗∗

β
(2)
ask −0.0856 0.0838 0.0313 0.0071∗∗ 0.0576 0.0042∗∗ −0.0643 0.0107∗∗

β
(2)
pch −0.0246 0.0783 0.0113 0.0052∗ 0.0051 0.0024∗ 0.0130 0.0138

mean LL -1.00801 -1.00488 -1.07684 -1.04301

SIC 1.13007 1.00679 1.07844 1.04930
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.17: Regression Outputs of ARMA-probit Models with market microstructure
variables,
Sample: January 29, 2001 - February 25, 2001

Stock POP TIN TXN

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

α1 −0.7499 0.4047∗ −0.8339 0.1636∗∗ −0.9286 0.0690∗∗

α2 0.4044 0.4040 0.3110 0.1634∗ 0.6558 0.0690∗∗

φ1 0.9951 0.0754∗∗ 0.8504 0.0249∗∗

φ2 −0.2293 0.0655∗∗

φ3

θ1 −0.0689 0.0589 −1.0316 0.0747∗∗ −0.9646 0.0255∗∗

θ2 0.1098 0.0631∗ 0.3103 0.0662∗∗ 0.0594 0.0093∗∗

θ3 0.0919 0.0620 0.0629 0.0065∗∗

β
(1)
vol 0.0298 0.0488 0.0102 0.0117 0.0059 0.0035∗

β
(1)
spr 0.0786 0.0689 0.0329 0.0125∗∗ 0.0211 0.0071∗∗

β
(1)
dur −0.0198 0.0220∗ −0.0058 0.0081 −0.0673 0.0060∗∗

β
(1)
bid −0.0522 0.0566 0.0883 0.0105∗∗ 0.0760 0.0041∗∗

β
(1)
ask 0.0299 0.0448 −0.0850 0.0102∗∗ −0.0754 0.0037∗∗

β
(2)
vol −0.0292 0.0426 0.0025 0.0119 0.0002 0.0038

β
(2)
spr −0.1391 0.0710∗ −0.0315 0.0129∗ −0.0200 0.0072∗∗

β
(2)
dur 0.0358 0.0278 0.0008 0.0086 0.0533 0.0067∗∗

β
(2)
bid 0.0557 0.0557 −0.0609 0.0110∗∗ −0.0706 0.0039∗∗

β
(2)
ask −0.0535 0.0435 0.0598 0.0110∗∗ 0.0681 0.0045∗∗

β
(2)
pch −0.0141 0.0621 0.0037 0.0086 0.0092 0.0035∗∗

mean LL -1.05503 -1.06430 -0.97289

SIC 1.15266 1.07332 0.97481
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.18: Regression Outputs of ARMA-probit Models with market microstructure
variables,
Sample: January 01, 2001 - January 28, 2001

Stock DEL GE IBM NKE

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

α1 −1.5363 0.8310∗ −0.9571 0.0576∗∗ −0.6457 0.0513∗∗ −1.1934 0.0889∗∗

α2 0.2996 0.8248 1.0213 0.0575∗∗ 0.6382 0.0513∗∗ 0.5112 0.0885∗∗

φ1 1.1937 0.3066∗∗ −0.0184 0.3334 0.1861 0.0666∗∗ −0.1845 0.1121∗

φ2 −0.3829 0.2038∗ −0.0437 0.0412 0.0963 0.0376∗

φ3

θ1 −1.3932 0.3267∗∗ −0.6132 0.3344∗ −0.6496 0.0671∗∗ −0.0989 0.1134

θ2 0.5056 0.2767∗ −0.0098 0.2424 0.0029 0.0407 −0.0718 0.0321∗

θ3 0.0034 0.0653 0.0000 0.0945 0.0186∗∗ 0.0408 0.0125∗∗

β
(1)
vol −0.0780 0.0858 0.0222 0.0041∗∗ 0.0841 0.0039∗∗ 0.0825 0.0076∗∗

β
(1)
spr 0.0379 0.1629 −0.0785 0.0263∗∗ 0.0483 0.0150∗∗ −0.0101 0.0270

β
(1)
dur −0.0557 0.0320∗ −0.0138 0.0057∗ −0.0145 0.0060∗ −0.0298 0.0072∗∗

β
(1)
bid 0.4888 0.1572∗∗ 0.0138 0.0089 0.0346 0.0088∗∗ 0.0774 0.0116∗∗

β
(1)
ask −0.3088 0.1411∗ 0.0077 0.0133 −0.0860 0.0081∗∗ −0.0562 0.0102∗∗

β
(2)
vol 0.0616 0.0777 −0.0087 0.0048∗ −0.0646 0.0043∗∗ −0.0263 0.0108∗

β
(2)
spr −0.0840 0.1670 0.0952 0.0253∗∗ −0.0326 0.0146∗ −0.0084 0.0260

β
(2)
dur 0.0328 0.0419 0.0047 0.0071 0.0067 0.0063 0.0006 0.0074

β
(2)
bid −0.4691 0.1406∗∗ 0.0356 0.0177∗ 0.0149 0.0118 0.0336 0.0169∗

β
(2)
ask 0.2782 0.1189∗ −0.0528 0.0226∗ 0.0114 0.0144 −0.0508 0.0142∗∗

β
(2)
pch −0.0438 0.0286 0.0431 0.0117∗∗ 0.0227 0.0040∗∗ −0.0120 0.0097

mean LL -0.88118 -0.82853 -1.00180 -0.92905

SIC 1.04053 0.83029 1.00364 0.93503
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.19: Regression Outputs of ARMA-probit Models with market microstructure
variables,
Sample: January 01, 2001 - January 28, 2001

Stock POP TIN TXN

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

α1 −0.7913 0.2332∗∗ −1.2906 0.2143∗∗ −1.1329 0.1946∗∗

α2 0.7074 0.2341∗∗ 0.4110 0.2138∗ 0.7162 0.1943∗∗

φ1 −0.9978 0.2593∗∗ 0.6994 0.2304∗∗ −0.7436 0.1329∗∗

φ2 −0.9064 0.2792∗∗ −0.0325 0.0587

φ3 −0.3560 0.2098∗

θ1 0.8437 0.2825∗∗ −0.8609 0.2320∗∗ 0.4066 0.1336∗∗

θ2 0.7080 0.2744∗∗ 0.1061 0.0439∗ −0.1925 0.0662∗∗

θ3 0.3258 0.2027 0.0529 0.0175∗∗

β
(1)
vol −0.1169 0.0452∗∗ 0.0079 0.0140 0.0381 0.0168∗

β
(1)
spr −0.0335 0.1007 −0.0351 0.0352 −0.1111 0.0589∗

β
(1)
dur −0.0352 0.0189∗ −0.0267 0.0094∗∗ 0.0003 0.0249

β
(1)
bid 0.0593 0.0484 0.0903 0.0180∗∗ 0.0220 0.0246

β
(1)
ask −0.0082 0.0478 −0.1056 0.0136∗∗ −0.0429 0.0231∗

β
(2)
vol 0.0291 0.0568 −0.0048 0.0139 −0.0276 0.0223

β
(2)
spr −0.0800 0.0916 0.0052 0.0514 0.0330 0.0535

β
(2)
dur −0.0057 0.0211 0.0124 0.0107 0.0559 0.0244∗

β
(2)
bid 0.0539 0.0634 −0.0522 0.0447 0.0644 0.0233∗∗

β
(2)
ask −0.0247 0.0459 0.0621 0.0392 −0.0906 0.0204∗∗

β
(2)
pch −0.0833 0.0364∗ 0.0085 0.0087 0.0063 0.0249

mean LL -0.97882 -0.93576 -0.80822

SIC 1.07654 0.94680 0.81031
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.20: Regression Outputs of Markov Chain Models with Probit structure for
market microstructure variables,
Sample: January 29, 2001 - February 25, 2001

Stock DEL GE IBM NKE

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

α1,−1 0.3480 2.0869 −0.8430 0.0994∗∗ −0.1861 0.0709∗∗ −0.7380 0.1465∗∗

α2,−1 1.1950 2.0956 0.4194 0.0999∗∗ 0.5683 0.0712∗∗ 0.3734 0.1469∗

β
(1)
vol,−1 0.0171 0.1368 −0.0680 0.0076∗∗ −0.0808 0.0070∗∗ −0.0926 0.0166∗∗

β
(1)
spr,−1 −0.1721 0.1928 −0.3344 0.0246∗∗ −0.1107 0.0135∗∗ −0.2590 0.0295∗∗

β
(1)
dur,−1 0.1420 0.0845∗ 0.0285 0.0116∗∗ 0.0138 0.0102 −0.0079 0.0133

β
(1)
bid,−1 −0.2063 0.2178 0.0329 0.0126∗∗ 0.0409 0.0096∗∗ −0.0180 0.0187

β
(1)
ask,−1 0.2377 0.1764 −0.0188 0.0138 −0.0314 0.0103∗∗ −0.0582 0.0191∗∗

β
(2)
vol,−1 −0.2319 0.1903 −0.0518 0.0079∗∗ −0.0133 0.0071∗ 0.0590 0.0161∗∗

β
(2)
spr,−1 −0.0385 0.3219 0.1815 0.0268∗∗ 0.0870 0.0146∗∗ 0.2072 0.0341∗∗

β
(2)
dur,−1 0.0324 0.0968 −0.0371 0.0132∗∗ −0.0897 0.0115∗∗ −0.0506 0.0159∗∗

β
(2)
bid,−1 0.3055 0.2574 0.0496 0.0127∗∗ 0.0597 0.0096∗∗ 0.1024 0.0192∗∗

β
(2)
ask,−1 −0.1339 0.1189 −0.0293 0.0140∗ −0.0177 0.0103∗ −0.0284 0.0190

β
(2)
pch,−1 0.4876 0.3387 0.1527 0.0303∗∗ 0.0140 0.0152 −0.0403 0.0421

α1,0 −1.1724 0.9088∗∗ −1.0717 0.0623∗∗ −0.6358 0.0579∗∗ −0.7994 0.1032∗∗

α2,0 0.6551 0.8877∗∗ 0.3933 0.0621∗∗ 0.3957 0.0578∗∗ 0.5855 0.1029∗∗

β
(1)
vol,0 0.1677 0.1509∗ 0.0390 0.0050∗∗ 0.0576 0.0062∗∗ 0.0101 0.0116

β
(1)
spr,0 −0.1335 0.2082 −0.0050 0.0184 0.0710 0.0134∗∗ 0.0553 0.0229∗

β
(1)
dur,0 −0.0482 0.0534 −0.0153 0.0079∗ −0.0258 0.0096∗∗ −0.0075 0.0104

β
(1)
bid,0 −0.1954 0.1489∗ 0.0564 0.0096∗∗ 0.0478 0.0100∗∗ −0.0098 0.0138

β
(1)
ask,0 0.2069 0.1846 −0.0405 0.0087∗∗ −0.0630 0.0087∗∗ −0.0125 0.0134

β
(2)
vol,0 −0.0588 0.1672 0.0145 0.0049∗∗ −0.0209 0.0062∗∗ 0.0068 0.0115

β
(2)
spr,0 0.2336 0.2037 −0.0137 0.0180 −0.0579 0.0133∗∗ −0.0654 0.0227∗∗

β
(2)
dur,0 0.0310 0.0502 −0.0315 0.0082∗∗ −0.0141 0.0097 0.0020 0.0104

β
(2)
bid,0 0.2770 0.1181∗ 0.0216 0.0096∗ 0.0264 0.0099∗∗ 0.0779 0.0138∗∗

β
(2)
ask,0 −0.3494 0.1874∗ −0.0380 0.0088∗∗ −0.0407 0.0087∗∗ −0.0744 0.0136∗∗

α1,1 −0.4533 1.3190 −0.5869 0.0995∗∗ −0.7647 0.0685∗∗ −0.5073 0.1402∗∗

α2,1 0.7027 1.2972 0.9566 0.0994∗∗ 0.2758 0.0682∗∗ 0.8420 0.1394∗∗

β
(1)
vol,1 0.1216 0.1386 0.1210 0.0071∗∗ 0.2013 0.0065∗∗ 0.1296 0.0163∗∗

β
(1)
spr,1 −0.0836 0.2724 0.4750 0.0273∗∗ 0.2011 0.0149∗∗ 0.2922 0.0314∗∗

β
(1)
dur,1 −0.1214 0.0655∗ −0.0497 0.0119∗∗ −0.1025 0.0100∗∗ −0.0115 0.0127

β
(1)
bid,1 −0.4763 0.1757∗∗ −0.0144 0.0138 −0.0098 0.0107 −0.0081 0.0193

β
(1)
ask,1 −0.0537 0.1243 −0.0124 0.0123 −0.0640 0.0089∗∗ −0.0406 0.0175∗

β
(2)
vol,1 0.0354 0.1436 0.0436 0.0078∗∗ −0.0478 0.0070∗∗ −0.0713 0.0160∗∗

β
(2)
spr,1 0.2755 0.2857 −0.2507 0.0277∗∗ −0.1303 0.0148∗∗ −0.2161 0.0331∗∗

β
(2)
dur,1 0.1398 0.0710∗ 0.0139 0.0133 0.0660 0.0111∗∗ 0.0645 0.0156∗∗

β
(2)
bid,1 −0.0480 0.1376 0.0423 0.0139∗∗ 0.0197 0.0107∗ 0.0732 0.0192∗∗

β
(2)
ask,1 0.0641 0.1760 −0.0450 0.0123∗∗ −0.0756 0.0090∗∗ −0.0681 0.0181∗∗

β
(2)
pch,1 0.0942 0.2618 −0.2298 0.0294∗∗ −0.0185 0.0141 0.0115 0.0387

mean LL -0.94852 -0.99149 -1.06146 -1.02531

SIC 1.25775 0.99576 1.06503 1.03858
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.21: Regression Outputs of Markov Chain Models with Probit structure for
market microstructure variables,
Sample: January 29, 2001 - February 25, 2001

Stock POP TIN TXN

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

α1,−1 0.2411 0.9154∗∗ −0.3324 0.1969∗ −0.8037 0.0985∗∗

α2,−1 1.3900 0.9234∗∗ 0.8238 0.1982∗∗ 0.5258 0.0990∗∗

β
(1)
vol,−1 −0.1878 0.0863∗∗ −0.1714 0.0259∗∗ −0.1358 0.0085∗∗

β
(1)
spr,−1 0.0147 0.1614∗∗ −0.1644 0.0324∗∗ −0.3930 0.0195∗∗

β
(1)
dur,−1 −0.0067 0.0292 0.0123 0.0139 −0.0909 0.0128∗∗

β
(1)
bid,−1 0.0436 0.0929∗∗ 0.1281 0.0243∗∗ 0.0535 0.0095∗∗

β
(1)
ask,−1 0.1085 0.0911∗∗ −0.0423 0.0252∗ −0.0172 0.0123

β
(2)
vol,−1 −0.0036 0.0809 0.0864 0.0252∗∗ 0.0675 0.0095∗∗

β
(2)
spr,−1 0.0720 0.1590 0.0978 0.0375∗∗ 0.2845 0.0220∗∗

β
(2)
dur,−1 0.0963 0.0641 −0.0694 0.0176∗∗ −0.0959 0.0144∗∗

β
(2)
bid,−1 −0.0270 0.0871 0.0260 0.0253 0.0233 0.0097∗

β
(2)
ask,−1 −0.1268 0.0811 −0.0384 0.0252 −0.0346 0.0121∗∗

β
(2)
pch,−1 −0.3721 0.1758∗ 0.1045 0.0413∗ 0.0230 0.0266

α1,0 −1.7700 0.6058∗∗ −1.0531 0.1460∗∗ −0.9227 0.0500∗∗

α2,0 −0.5029 0.6025 0.1727 0.1452 0.8982 0.0500∗∗

β
(1)
vol,0 0.1193 0.0658∗ 0.0534 0.0190∗∗ 0.0156 0.0047∗∗

β
(1)
spr,0 0.0052 0.1095 0.0497 0.0255∗ 0.0622 0.0151∗∗

β
(1)
dur,0 −0.0318 0.0418 −0.0212 0.0137 −0.0705 0.0081∗∗

β
(1)
bid,0 −0.0972 0.0963 0.0746 0.0185∗∗ 0.0775 0.0080∗∗

β
(1)
ask,0 −0.0014 0.0680 −0.0967 0.0186∗∗ −0.0451 0.0073∗∗

β
(2)
vol,0 0.0248 0.0698 0.0392 0.0189∗ 0.0176 0.0047∗∗

β
(2)
spr,0 −0.1398 0.1144 −0.0418 0.0256 −0.0309 0.0150∗

β
(2)
dur,0 0.0041 0.0372 −0.0301 0.0125∗ −0.0192 0.0083∗

β
(2)
bid,0 0.0844 0.0970 0.0256 0.0182 −0.0189 0.0078∗

β
(2)
ask,0 −0.0658 0.0695 −0.0380 0.0185∗ −0.0176 0.0072∗

α1,1 0.1190 0.9359 −0.1241 0.1845 −0.4726 0.0955∗∗

α2,1 1.1961 0.9316 0.9550 0.1840∗∗ 0.9779 0.0954∗∗

β
(1)
vol,1 0.0613 0.1167 0.1253 0.0227∗∗ 0.1383 0.0083∗∗

β
(1)
spr,1 0.2587 0.1285 0.2614 0.0316∗∗ 0.4745 0.0202∗∗

β
(1)
dur,1 −0.0063 0.0521 0.0041 0.0155 −0.0545 0.0132∗∗

β
(1)
bid,1 −0.0568 0.1107 0.0887 0.0210∗∗ −0.0139 0.0120

β
(1)
ask,1 −0.0450 0.0808 −0.0737 0.0214∗∗ −0.0522 0.0090∗∗

β
(2)
vol,1 −0.1053 0.0724 −0.0992 0.0226∗∗ −0.0400 0.0092∗∗

β
(2)
spr,1 −0.2149 0.1546 −0.1086 0.0355∗∗ −0.2885 0.0216∗∗

β
(2)
dur,1 0.0981 0.0641 0.0519 0.0177∗∗ 0.0426 0.0140∗∗

β
(2)
bid,1 0.0997 0.1043 0.0192 0.0213 0.0364 0.0118∗∗

β
(2)
ask,1 0.0651 0.0804 −0.0474 0.0222∗ −0.0479 0.0094∗∗

β
(2)
pch,1 0.1500 0.2087 −0.0729 0.0414∗ −0.1433 0.0260∗∗

mean LL -1.03622 -1.05046 -0.93916

SIC 1.26810 1.07061 0.94346
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level



Appendix B: Tables and Figures 88

Table 6.22: Regression Outputs of Markov Chain Models with Probit structure for
market microstructure variables,
Sample: January 01, 2001 - January 28, 2001

Stock DEL GE IBM NKE

Parameter Robust Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E. Estimates S.E.

α1,−1 6.2097 2.6488∗ −1.4834 0.2387∗∗ −0.7493 0.1307∗∗ −1.7942 0.2724∗∗

α2,−1 8.2684 2.6967∗∗ 0.5699 0.2396∗ 0.3782 0.1311∗∗ −0.2142 0.2717

β
(1)
vol,−1 −0.4138 0.1918∗ −0.0572 0.0082∗∗ −0.0211 0.0075∗∗ −0.0710 0.0176∗∗

β
(1)
spr,−1 0.2329 0.4307 −0.5663 0.0573∗∗ −0.2559 0.0298∗∗ −0.4391 0.0585∗∗

β
(1)
dur,−1 −0.1424 0.0750∗ −0.0200 0.0139 −0.0044 0.0116 −0.0449 0.0159∗∗

β
(1)
bid,−1 0.4476 0.4343 0.0800 0.0191∗∗ 0.0597 0.0156∗∗ 0.0933 0.0233∗∗

β
(1)
ask,−1 −0.2300 0.3284 −0.0274 0.0203 −0.0440 0.0156∗∗ −0.0685 0.0242∗∗

β
(2)
vol,−1 −0.4504 0.1690∗∗ −0.1295 0.0085∗∗ −0.0739 0.0076∗ −0.0147 0.0174

β
(2)
spr,−1 0.5592 0.5149 0.2864 0.0561∗∗ 0.1642 0.0308∗∗ 0.1951 0.0606∗∗

β
(2)
dur,−1 −0.2760 0.1303∗ 0.0060 0.0142 −0.0644 0.0126∗∗ −0.0695 0.0173∗∗

β
(2)
bid,−1 0.4182 0.4511 0.0732 0.0195∗∗ 0.0480 0.0161∗∗ 0.0766 0.0246∗∗

β
(2)
ask,−1 −0.1236 0.3567 −0.0745 0.0207∗∗ −0.0611 0.0156∗∗ −0.0257 0.0244

β
(2)
pch,−1 −0.4342 0.5593 0.2955 0.0987∗∗ 0.0859 0.0346∗ −0.0253 0.0831

α1,0 −1.5532 1.5620 −0.9521 0.0934∗∗ −0.8295 0.0871∗∗ −1.1980 0.1436∗∗

α2,0 0.3367 1.5575 0.9508 0.0935∗∗ 0.4622 0.0870∗∗ 0.5634 0.1433∗∗

β
(1)
vol,0 −0.1369 0.0965 0.0302 0.0042∗∗ 0.0671 0.0054∗∗ 0.0914 0.0098∗∗

β
(1)
spr,0 −0.1699 0.3035 −0.0843 0.0292∗∗ 0.0450 0.0234∗ 0.0071 0.0357

β
(1)
dur,0 −0.0235 0.0389 −0.0060 0.0071 −0.0047 0.0091 −0.0199 0.0099∗

β
(1)
bid,0 0.3315 0.2919 −0.0161 0.0104 0.0272 0.0130∗ 0.0850 0.0149∗∗

β
(1)
ask,0 −0.3932 0.2368∗ 0.0077 0.0104 −0.0793 0.0110∗∗ −0.0456 0.0135∗∗

β
(2)
vol,0 0.1174 0.0966 −0.0030 0.0043 −0.0428 0.0055∗∗ −0.0271 0.0096∗∗

β
(2)
spr,0 −0.0034 0.2989 0.1051 0.0280∗∗ −0.0643 0.0225∗∗ 0.0081 0.0343

β
(2)
dur,0 0.0213 0.0444 −0.0079 0.0073 0.0039 0.0090 0.0063 0.0097

β
(2)
bid,0 0.0531 0.3431 0.0386 0.0105∗∗ 0.0634 0.0130∗∗ 0.0268 0.0151∗

β
(2)
ask,0 0.2269 0.2251 −0.0424 0.0104∗∗ −0.0399 0.0112∗∗ −0.0533 0.0136∗∗

α1,1 −3.0019 2.7779 −0.2482 0.2559 −0.5061 0.1278∗∗ −0.7166 0.2571∗∗

α2,1 −1.2336 2.8037 2.0548 0.2558∗∗ 0.9732 0.1272∗∗ 1.1062 0.2570∗∗

β
(1)
vol,1 0.0469 0.2684 0.0704 0.0079∗∗ 0.2051 0.0071∗∗ 0.2034 0.0165∗∗

β
(1)
spr,1 −0.2383 0.6292 0.5578 0.0568∗∗ 0.3370 0.0307∗∗ 0.4537 0.0630∗∗

β
(1)
dur,1 −0.2703 0.0921∗∗ −0.0218 0.0139 −0.0187 0.0116 −0.0541 0.0152∗∗

β
(1)
bid,1 0.0717 0.3627 0.0548 0.0210∗∗ 0.0225 0.0187 0.0316 0.0286

β
(1)
ask,1 −0.6702 0.3474∗ −0.0395 0.0184∗ −0.1211 0.0145∗∗ −0.0679 0.0216∗∗

β
(2)
vol,1 0.0800 0.2566 0.1046 0.0084∗∗ 0.0163 0.0076∗ −0.0462 0.0169∗∗

β
(2)
spr,1 −0.1863 0.7222 −0.2666 0.0563∗∗ −0.1523 0.0311∗∗ −0.3166 0.0646∗∗

β
(2)
dur,1 0.0351 0.0986 −0.0049 0.0144 0.0488 0.0127∗∗ 0.0636 0.0179∗∗

β
(2)
bid,1 0.6276 0.6761 0.0658 0.0214∗∗ 0.0306 0.0183∗ 0.0185 0.0283

β
(2)
ask,1 0.2058 0.3931 −0.0742 0.0185∗∗ −0.0743 0.0148∗∗ −0.0799 0.0225∗∗

β
(2)
pch,1 −0.0771 0.6867 −0.0904 0.1082 0.0138 0.0339 −0.0050 0.0900

mean LL -0.85483 -0.83545 -0.99558 -0.91517

SIC 1.19125 0.83939 0.99948 0.92853
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.23: Regression Outputs of Markov Chain Models with Probit structure for
market microstructure variables,
Sample: January 01, 2001 - January 28, 2001

Stock POP TIN TXN

Parameter Robust Robust Robust

Estimates S.E. Estimates S.E. Estimates S.E.

α1,−1 1.3947 1.2092 −1.2847 0.3757∗ −1.6061 0.1769∗∗

α2,−1 2.7345 1.2265∗ 0.1067 0.3768 0.2299 0.1777

β
(1)
vol,−1 −0.4550 0.1306∗∗ −0.1631 0.0328∗∗ −0.1068 0.0094∗∗

β
(1)
spr,−1 −0.0771 0.2625 −0.4315 0.0735∗∗ −0.6842 0.0379∗∗

β
(1)
dur,−1 0.0286 0.0464 0.0087 0.0181 −0.1214 0.0143∗∗

β
(1)
bid,−1 0.1843 0.1145 0.1430 0.0317∗∗ 0.0621 0.0118∗∗

β
(1)
ask,−1 0.0326 0.1006 −0.0557 0.0328∗ 0.0276 0.0158∗

β
(2)
vol,−1 0.1241 0.0985 0.0185 0.0298 −0.0627 0.0101∗∗

β
(2)
spr,−1 0.0383 0.2737 0.0699 0.0770 0.3462 0.0395∗∗

β
(2)
dur,−1 −0.0766 0.0465∗ −0.1028 0.0221∗∗ −0.1207 0.0147∗∗

β
(2)
bid,−1 −0.0153 0.1214 0.0251 0.0339 0.0684 0.0127∗∗

β
(2)
ask,−1 −0.0098 0.1112 −0.0158 0.0329 −0.0745 0.0157∗∗

β
(2)
pch,−1 0.3172 0.2774∗ 0.2428 0.1059∗ 0.2321 0.0586

α1,0 −1.7038 0.9291∗ −1.6589 0.2112∗∗ −0.8493 0.0779∗∗

α2,0 −0.0338 0.9282 0.1605 0.2100 1.3099 0.0782∗∗

β
(1)
vol,0 −0.0195 0.0678 0.0432 0.0184∗ 0.0182 0.0045∗∗

β
(1)
spr,0 −0.0969 0.1741 0.0740 0.0469 0.0960 0.0243∗∗

β
(1)
dur,0 −0.0276 0.0306 −0.0240 0.0131∗ −0.0191 0.0079∗

β
(1)
bid,0 −0.0421 0.0773 0.0623 0.0206∗∗ 0.0248 0.0081∗∗

β
(1)
ask,0 −0.0324 0.0821 −0.0870 0.0187∗∗ −0.0097 0.0075

β
(2)
vol,0 0.1287 0.0740∗ 0.0066 0.0184 0.0139 0.0044∗∗

β
(2)
spr,0 0.0679 0.1583 −0.1909 0.0462∗∗ −0.0146 0.0232

β
(2)
dur,0 0.0432 0.0308 −0.0092 0.0127 −0.0121 0.0078

β
(2)
bid,0 0.1672 0.0789∗ 0.0462 0.0205∗ 0.0285 0.0080∗

β
(2)
ask,0 −0.0076 0.0833 −0.0468 0.0192∗ −0.0501 0.0074∗

α1,1 −0.9533 1.2482 −0.0404 0.3768 −0.1298 0.1806

α2,1 0.4567 1.2437 1.7968 0.3779∗∗ 1.9156 0.1808∗∗

β
(1)
vol,1 −0.0571 0.0837 0.1075 0.0306∗∗ 0.1170 0.0092∗∗

β
(1)
spr,1 0.3965 0.1990∗ 0.3391 0.0759∗∗ 0.6691 0.0395∗∗

β
(1)
dur,1 −0.1297 0.0379∗∗ −0.0969 0.0210∗∗ 0.0566 0.0146∗∗

β
(1)
bid,1 −0.0056 0.0879 0.0698 0.0336∗ 0.0120 0.0166

β
(1)
ask,1 0.0403 0.1037 −0.2141 0.0328∗∗ −0.0524 0.0118∗∗

β
(2)
vol,1 0.0761 0.1040 −0.0647 0.0305∗ 0.0428 0.0100∗∗

β
(2)
spr,1 −0.4068 0.2102∗ −0.1801 0.0776∗ −0.2681 0.0400∗∗

β
(2)
dur,1 0.0198 0.0520 0.0945 0.0229∗∗ 0.0764 0.0141∗∗

β
(2)
bid,1 −0.0410 0.0900 0.0302 0.0341 0.0416 0.0164∗

β
(2)
ask,1 −0.0726 0.0961 −0.0287 0.0326 −0.0502 0.0128∗∗

β
(2)
pch,1 −0.2470 0.2816 0.0389 0.1138 −0.2549 0.0596∗∗

mean LL -0.95801 -0.91526 -0.80021

SIC 1.15345 0.93994 0.80422
∗ denotes significance at a 10% level,∗∗ denotes significance at a 1% level
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Table 6.24: Additional Results of the Cox Testing Procedure for the plain Models

Hf : ACM ACM ARMA-Probit

Hg : ARMA-Probit MC MC

Cfg Cgf Cfg Cgf Cfg Cgf

[σ̂Sfg ,sim] [σ̂Sgf ,sim] [σ̂Sfg,sim] [σ̂Sgf ,sim] [σ̂Sfg,sim] [σ̂Sgf ,sim]

DEL 0.054141 0.000469 0.022664 0.005855 0.000554 0.032283

[0.022680] [0.007703] [0.028311] [0.009331] [0.006384] [0.013237]

GE 0.005595 0.000232 0.008652 −0.001152 0.004185 −0.001757

[0.000574] [0.000110] [0.000640] [0.000479] [0.000415] [0.000483]

IBM 0.004032 0.000449 0.006081 0.003044 0.003160 0.003987

[0.000432] [0.000133] [0.000526] [0.000371] [0.000333] [0.000411]

NKE 0.012334 0.000143 0.011237 −0.001775 0.035311 0.003408

[0.001809] [0.000203] [0.001527] [0.000814] [0.002699] [0.000699]

POP 0.047710 0.001533 0.046405 −0.001209 0.003392 0.003701

[0.007408] [0.006978] [0.007475] [0.005591] [0.005407] [0.004594]

TIN 0.006886 0.000524 0.009259 0.000710 −0.009634 0.001312

[0.001626] [0.000389] [0.001707] [0.000497] [0.010758] [0.000612]

TXN 0.029360 0.000049 0.018026 −0.003798 0.104549 0.012081

[0.001597] [0.000066] [0.001051] [0.000460] [0.002092] [0.000792]

The values in brackets [·] are the estimated standard deviations of the test statistic,
i.e. σ̂Sfg ,sim based on the simulated LR.
Sample: January 29, 2001 - February 25.
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fentlichkeit zugänglich. Als Urheber der anliegenden Arbeit stimme ich diesem

Verfahren zu / nicht zu1.

Konstanz, den 28. Oktober 2005

(Christoph Müller)

1Nichtzutreffendes bitte streichen


	Title
	Contents
	German Abstract
	Chapter 1 Introduction
	Chapter 2 The NYSE and Market Microstructure
	2.1 Trading at the NYSE
	2.2 Market Microstructure Theory
	2.3 Change of Tick Sizes at the NYSE

	Chapter 3 Modelling
	3.1 Preliminaries
	3.2 Autoregressive Conditional Multinomial Models
	3.3 Ordered Probit Models
	3.4 Markov Chain Models

	Chapter 4 Non-nested Tests
	4.1 Introduction to Non-nested Hypothesis Testing
	4.2 Price Direction Models as Examples for Non-nested Models
	4.3 Generalized LR test
	4.4 Artificial Nesting
	4.5 Further Approaches to Non-nested Hypothesis Testing

	Chapter 5 Empirical Framework
	5.1 NYSE Transaction Data
	5.2 Model Estimation
	5.3 Comparison of the Models
	5.4 Tick Size Reduction and Effects on the Price Direction Process

	Chapter 6 Conclusion
	References
	Appendix A: Abbreviations
	Appendix B: Tables and Figures

