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Abstract
The mixture of distributions hypothesis (MDH) provides a theoretical explanation for the 

existence of a positive volume-volatility relationship. According to this hypothesis, both 

volume and volatility are driven by a common latent variable, the arrival of information 

to the market. The MDH implies that the correlation between trading volume and return 

volatility tends to rise with increases in the variance of the daily rate of information flow 

to the market.

Conditional volatility tends to cluster, or in other words, exhibit GARCH effects. High 

(low) volatility tends to follow high (low) volatihty. The reason for this clustering 

behaviour has not yet been fully explained in the literature. Many factors influence 

the arrival process of news and its impact on prices. Volatility clustering may be 

interpreted as news clustering (Engle et al., 2008). Persistence in volatility measures 

the degree of dependence of the conditional volatility on its own past. This thesis aims 

to further understand the process by which information is assimilated into the market 

and the reasons for this clustering behaviour in the conditional volatility. The success of 

GARCH models stems from their parsimonious representations of conditional variance 

and their ability to capture the styhsed facts of returns such as persistence in variance 

and volatility clustering. Although the precise causes of GARCH effects are unknown, 

one popular belief is that clustering in the rate of information arrival causes clustering 

in the conditional volatility.

The main contribution of this thesis is to provide further insight into the volume-volatility 

relationship and clustering in conditional volatihty by investigating how the market 

reacts to new information. Firstly, the volume-volatility relationship is investigated 

using a set of increasingly generalised nested models within which the role of trading 

volumes is examined, beginning with a basic univariate specification and culminating 

with a bivariate model with exogenous variables. Results suggest tha t a relatively simple 

univariate model is the most suitable for capturing the volume-volatility relationship 

and the persistence parameters dechne when volume is used as an exogenous variable. 

However, volume does not capture all the estimated persistence.

Secondly, the applicability of the MDH is examined using text-based analysis of publicly 

available information. A daily index of sentiment is constructed from the New York 

Times to test the MDH and investigate the source of GARCH effects. Trading volume
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may not be the best proxy for the flow of information into the market. The failure 

of the information arrival process to account for the high persistence in the volatility 

process and the non-homogeneous volume-volatility dynamics suggests the existence 

of additional serially correlated factors. A dictionary-based approach for extracting 

sentiment is employed using a program called Rocksteady. Rocksteady counts the number 

of words in news stories on a given day that fall within various word categories and 

calculates daily sentiment scores by counting the frequency of words in each pre-defined 

category. From this, a daily sentiment index is constructed from which three new daily 

serially correlated variables are formulated: the number of printed words relating to the 

economy, a positive sentiment variable and a negative sentiment variable. Results show 

that these three new variables are consistent with the MDH but fail to account for any 

additional persistence over and above volume. However, these results provide promising 

findings for future research.

Finally, the applicability of the MDH to takeovers is investigated directly using a 

GARCH model and separating the model into pre-announcement and post-announcement 

components. Changes occur in the price formation process when stocks become takeover 

targets. The announcement of a takeover is a major corporate event tha t reveals new 

information to the market. The effect of an announcement on the volume-volatility 

dynamics and the persistence before and after announcement is investigated across 

various consideration structures and deal types. Support for the MDH pre and post

announcement is found. A positive volume-volatility relationship is observed before 

and after the announcement of a takeover. Trading volume reduces both the pre

announcement and post-announcement persistence. GARCH eff'ects are not present after 

the announcement of a takeover and this is explained by a change in the behaviour of 

the information flow into the market to a process that is no longer serially correlated.

Overall, the thesis provides novel ways to test the validity of the MDH and investigate 

the volume-volatility relationship under different conditions using a GARCH framework. 

Three main novel contributions to the existing literature are made. Firstly, a bivariate 

GARCH model is used to explore the volume-volatility relationship. Secondly, text-based 

analysis is examined in a new setting by investigating the applicability of the MDH to 

sentiment and measuring its effect on persistence in volatility. Finally, the volatility of 

returns around the announcement of a takeover is examined using a GARCH model and 

the persistence pre-announcement and post-announcement is estimated.
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Chapter 1
Introduction

1.1 Introduction

The aim of this thesis is to further the understanding of the flow of information into the 

market and its impact on the volume-volatihty relationship. The mixture of distributions 

hypothesis, first proposed by Clark (1973), suggests that both volume and volatility are 

driven by a common unobservable factor. This latent factor reflects the arrival of new 

information into the market and determines the positive correlation between volume 

and volatility. As traders receive new information, which they consider relevant, their 

expectations of the price and future profitabihty of a firm changes. Tauchen and P itts 

(1983) suggest that the variance of the daily price change and the mean daily trading 

volume depend on the average daily rate at which new information flows into the market 

and the extent to which traders disagree when they respond to this new information. 

Andersen (1996) finds tha t the information process itself is serially correlated leading 

to the presence of serial correlation in both volume and volatility. When unanticipated 

information flows into the market on a given day, more detailed disclosures tend to 

follow, and this information may be interpreted differently. Persistence in variance refers 

to the property of momentum in the conditional variance. That is, the ability of past 

volatility to explain current volatility. If conditional volatility is said to “cluster”, it is 

conditional on past volatility. Previous studies have largely found that volume fails to 

capture all the observed serial correlation and persistence in the volatility of returns and

1
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alternative or additional variables should be explored to further our understanding of the 

volume-volatility relationship and to better capture the serial correlation in volatility.

The failure of the information arrival process to account for the high persistence in 

the volatility process and the non-homogeneous volume-volatility dynamics suggests the 

existence of additional serially correlated factors (Liesenfeld, 2001). Recent developments 

and advancements in text based analysis have provided the opportunity for this thesis 

to explore and construct new serially correlated variables and proxies for the latent 

information arrival process. To do so, a dictionary-based approach program called 

Rocksteady is used for extracting information from the New York Times. Rocksteady 

counts the number of words in news stories on a given day that fall within various word 

categories and calculates daily sentiment scores by counting the frequency of words in 

each pre-defined category. A daily index of sentiment is then constructed from which 

three new serially correlated variables are formulated: the number of printed words 

related to the economy, a positive sentiment variable and a negative sentiment variable. 

These new variables are used to test the MDH and investigate the sources of GARCH 

effects. The variables are examined under the framework of the mixture of distributions 

hypothesis and aim to provide further insight into the evolution of the price process and 

the volume-volatility relationship.

In addition to sentiment, a takeover announcement is a significant event found to impact 

on the volume-volatility relationship and is examined in this thesis. This announcement 

causes a spike to be observed contemporaneously in both volume and volatility as the 

market reacts to the news of the takeover (Hutson and Kearney, 2001; Hmaied, 2007; 

Hutson, 2007). The ability of the volume series to capture the flow of information into 

the market pre and post announcement has not fully been explored in the literature to 

date. The announcement of a potentially impending merger or acquisition allows for a 

unique setting for the examination of the flow of information into the market and testing 

of the MDH.

In this thesis, the mixture of distributions is examined in three distinct settings using 

a GARCH based methodology. Firstly, it is investigated in a GARCH framework of 

nested models beginning with a simple univariate model and culminating in a bivariate 

model with exogenous variables. Secondly, the MDH is tested using text-based analysis 

as a source of alternative proxies to trading volume for the flow of information into the
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market and as potential source of GARCH effects. Finally, the applicability of the MDH 

before and after the announcement of a takeover is tested using a GARCH model.

The remainder of this chapter is structured as follows. Section 1.2 presents the main 

research questions and the motivations behind each question. Section 1.3 outlines 

the structure of the thesis on a chapter by chapter basis. Section 1.4 presents the 

main findings and outlines the novel contributions of this thesis. Section 1.5 lists the 

institutions and conferences where the results from this thesis have been presented, the 

works of this thesis that have been published and the scholarship awarded to fund this 

research. Finally, section 1.6 provides a brief summary and conclusion.

1.2 M otivation and m ain research questions

Understanding the relationship between volume and volatility provides insight and 

understanding of the persistence observed in volatility. The mixture of distributions 

hypothesis provides an explanation for the existence of GARCH effects. It is based on 

the idea that returns are generated from a mixture of distributions in which the stochastic 

mixing variable is the rate of arrival of information flow to the market. Diebold (1986), 

Gallant et al. (1988), Stock (1987) and Stock (1988) suggest that GARCH may capture 

the time series properties of the mixing variable. The precise causes of GARCH effects 

remains elusive. Understanding and accounting for the observed persistence and GARCH 

effects in the volatility of returns allows for the understanding of the process by which 

information flows into the market.

Three main research questions are addressed in this thesis. First, do trading volumes 

explain the persistence of GARCH effects? If volume and volatihty are both subordinate 

to the same latent information arrival process, a positive relation between the two would 

be observed. Information jointly affects volume and volatility. If volume perfectly 

captures the serial correlation of information into the market for a given firm, GARCH 

effects would no longer remain in the volatility equation as all the persistence would be 

accounted for.

Second, does sentiment reduce the observed persistence in volatility of returns? Volume 

may account for some but not all of the GARCH effects observed in the volatility 

of returns. Since the standard MDH proposed in 1983 by Tauchen and Pitts, the
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advancement of technology has changed the rate and mechanism by which information is 

transm itted to trader’s and the period of time tha t it takes to reflect this new information 

in stock returns. Volume may no longer be the most accurate variable to capture this 

flow of information into the market and text-based analysis may lead to more suitable 

proxies. Further exploration for alternative or additional proxies for information may 

account for the remaining GARCH effects. Text based analysis is one possible source 

for a serially correlated variable capable of capturing GARCH effects and explaining 

persistence in the volatility of returns that has not yet been investigated in the current 

literature.

Finally, does the mixture of distributions hypothesis apply pre and post announcement 

of a takeover? Takeovers provide a unique setting for the examination of the mixture of 

distributions hypothesis. This allows for the examination of the effect of a specific event 

on the joint volume-volatility dynamics and the examination of the estimated level of 

persistence in the conditional volatility before and after an unanticipated event.

1.3 Structure

Chapter 2 reviews the literature relating to the joint dynamics of volume and volatility of 

stock returns at the firm level with the aim of understanding the flow of information into 

the market. The mixture of distributions hypothesis provides a theoretical explanation 

for the observed positive volume-volatihty relationship by suggesting that both variables 

are subordinate to the same latent information variable. The MDH literature is surveyed 

beginning with the seminal work of Clark (1973) and documenting the main expansions 

and developments to this model. This chapter also provides a review of the literature 

relating to outliers in GARCH models. The parameters in GARCH models can be 

greatly affected by the presence of outliers and failing to account for these can lead to 

less reliable results. Text based analysis is used to provide further insight on the flow 

of information into the market. Information is extracted from publicly available text 

and used to construct proxies for the flow of information into the market and market 

sentiment. Chapter 2 also reviews the methods of text based extraction, the variables 

constructed and the main findings in studies to date. Finally, this chapter reviews the 

literature relating to volume and volatility around the announcement of a takeover. The
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announcement provides a unique opportunity to observe the reaction of the market to 

new information and test the apphcabihty of the MDH in this distinctive setting.

Chapter 3 outhnes the methodology used in this thesis which is primarily conducted 

using a variety of GARCH models. It begins with a review of the most frequently used 

univariate and multivariate GARCH models. The introduction of the ARCH model in 

1982 was a defining moment in the procedure for testing the apphcability of the MDH to 

equities. The success of GARCH models stems from their parsimonious representations 

of the conditional variance in a way that is consistent with the stylised facts of market 

returns such as persistence in variance and volatility clustering. Methods of information 

pooling are reviewed which deal with the simplification of the estimation process and 

overcoming presentational difficulties frequently encountered with large datasets, in 

particular the dynamic equicorrelation GARCH and MacGyver method. The estimation 

techniques and algorithms used in this analysis are outlined and explained. Finally, a 

brief review of alternative volatility models is provided including historical volatility, 

exponentially weighted moving average, stochastic volatility and range based models.

Chapter 4 investigates the first research question. It examines the role of trading 

volumes in GARCH-based tests of the mixture of distributions hypothesis (MDH) on 

firm-level data for the 20 largest Fortune 500 stocks in 2005. In doing so, a set of 

increasingly generalised nested models is provided within which to examine the role of 

trading volumes, beginning with the AR(1)-GARCH(1,1) model with no trading volumes, 

progressing to the univariate AR(1)-GARCH(1,1)-X, the AR(1)-GARCH(1,1)-M and 

the AR(1)-GARCH(1,1)-M-X models, and culminating with the constant correlation 

bivariate AR(1)-GARCH(1,1)-M-X model. A method of detecting and replacing outhers 

found in bivariate data based on the methodology of Franses and Ghijsels (1999) is 

proposed. A decision tree is constructed to account for the bivariate nature of the data, 

aiding in the selection of additive outhers. Amongst the main finding are that trading 

volumes are robustly significant and positively signed in the volatility of returns equations 

for most firms. They act to reduce persistence and to eliminate the need for GARCH 

terms. Moving from the AR(1)-GARCH(1,1) to the AR(1)-GARCH(1,1)-X, AR(1)- 

GARCH(1,1)-M-X and the bivariate AR(1)-GARCH(1,1)-M-X models, the persistence 

parameters decline from an average of 0.987 to 0.143, 0.177 and 0.141 respectively. The 

results are robust and consistent with the MDH in most cases, but not all due most likely 

to idiosyncratic risk differences among firms.
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Chapter 5 examines the role of sentim ent in the relationship between volume of traded 

shares and volatility of returns using firm-level tests on the 20 largest Fortune 500 

stocks over a six year period from 1 January  2004 to  31 December 2009. A daily 

index of sentim ent constructed from the New York Times is used to test the m ixture 

of distributions hypothesis and investigate the  source of GARCH effects. Four main 

questions are addressed. Are volatility and sentim ent variables positively correlated? Is 

sentiment consistent with the distributional characteristics of trading volume? Does the 

dynamic equicorrelation between the volatility of stocks increases as more information 

is available to the m arket? Does sentiment reduce the persistence in GARCH effects 

in the volatility of returns? The main findings show th a t the m ixture of distributions 

hypothesis may be applicable for the sentiment variables. Volatility and sentiment are 

positively correlated. Sentiment is consistent with the d istributional characteristics of 

trading volume. The dynamic equicorrelation between the volatility of stocks increase 

as more information is available to the market. Finally, the  sentim ent variables do not 

explain GARCH effects or reduce persistence in individual stocks.

In chapter 6, the applicability of the A4DH pre and post announcem ent of a takeover, as 

suggested by Hutson and Kearney (2001), is examined. A univariate GARCH model with 

an exogenous variable is fitted to each of the selected sample of 190 target companies over 

the period from January  2000 to  December 2008. The model is separated into pre and 

post announcem ent components. Four main questions are addressed. Does a positive 

volume-volatility relationship exist pre and post announcem ent of a takeover? Does the 

inclusion of volume as an exogenous variable in the volatility of returns equation reduce 

the estim ated persistence before the announcement of a takeover? Does the inclusion 

of volume as an exogenous variable in the volatility of returns equation reduce the 

estim ated persistence after the announcem ent of a takeover? And finally, is the estim ated 

persistence pre and post announcem ent the same for a target company? These questions 

are examined across different consideration structures, for bo th  domestic and cross- 

border takeovers and both  within and across industries. A positive volume-volatility 

relationship is found before and after the announcem ent of a takeover. The average 

estim ated pre-announcem ent persistence is greater th an  the average estim ated post

announcem ent persistence. The inclusion of volume as an exogenous variable reduces 

both  the pre-announcem ent and post-announcem ent persistence. GARCH effects are not 

present after the announcem ent of a takeover. A proposed explanation for the observed
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change in the post-announcement conditional volatility is tha t the latent information 

arrival process itself changes after an announcement of a takeover and the company may 

be delisted before its conditional volatility returns to behaving in a manner consistent 

with the pre-announcement conditional volatility.

Chapter 7 summarises the main findings and implications of the thesis and draws together 

the important conclusions. It also describes the thesis’s limitations and discusses future 

work.

1.4 M ain findings and novel contributions

No previous study has conducted a bivariate GARCH study of volumes and volatility to 

test the MDH and investigate if there is a role for other variables in this relationship such 

as the variance of volumes and absolute returns. This is done using a series of nested 

models from a simple univariate standard GARCH and culminating with the constant 

correlation bivariate model with exogenous variables. The primary conclusion to emerge 

from this analysis is that an AR(1)-GARCH(1,1)-X remains the most suitable model 

for modelling the volume-volatility relationship. These findings agree with the existing 

hterature such as that of Lamoureux and Lastrapes (1990b); Omran and McKenzie (2000) 

and Arago and Nieto (2005).

No previous study has examined applicability of the MDH to text-based analysis and 

investigated sentiment as a possible source of GARCH effects. Text based analysis 

provides a useful tool for directly modelling and testing the flow of information into 

the market. This analysis provides further insight into the flow of information into the 

market and the behaviour of volumes and volatility. The results of this analysis are 

most closely related to the findings of Tetlock (2007) where negative sentiment is found 

to correlated with volume and volatility. The dynamic equicorrelation between returns 

is estimated and its relationship with sentiment and the MDH is examined, an area 

previously unexplored in the existing literature.

No previous study has fitted a GARCH model to takeover data or examined the 

persistence pre and post announcement. The sample of the takeover targets are selected 

in a unique and systematic manner and the relationships are examined for various 

consideration structures and deal types. Further evidence is found to suggest the



Chapter 1. Introduction 8

appropriateness of the MDH as the theoretical explanation for the existence of a positive 

volume-volatility relationship before and after the announcem ent as suggested by Hutson 

and Kearney (2001).

1.5 Conference presentations, publications and scholarships

A summarised version of chapter 3 has been published in a book entitled Stock Market 

Volatility (Gregoriou, 2010). C hapter 4 has been presented at the IN FIN ITI conference 

on international finance in TCD June 2010 and at the  M ultinational Finance Society 

conference June 2010, Barcelona, Spain. This chapter is currently under review in 

Applied Economics. This research was funded by a government of Ireland postgraduate 

scholarship from the Irish Research Council for the H um anities and Social Sciences 

(IRCHSS).

1.6 Sum m ary and conclusions

This chapter initially introduced the thesis’s main research questions and provided an 

overview of the thesis and the  m otivation for the analysis conducted. Subsequently, it 

described the thesis’s structu re  on a chapter by chapter basis. It highlighted the main 

findings of each chapter and the novel contributions m ade in this thesis.



Chapter

Literature Review

2.1 Introduction

The relationship between the volume of shares traded and the volatility of returns at 

the firm level is the fundamental focus of this thesis and predicates the subsequently 

conducted analysis. The mixture of distributions hypothesis (MDH), first proposed by 

Clark (1973), provides a theoretical explanation for the existence of the volume-volatility 

relationship in which both variables are driven by a common unobservable variable, the 

arrival of information to the market. The introduction of the GARCH model was a 

defining moment in the procedure for testing the applicability of the MDH to equities. 

The GARCH model allows for volume to be inserted as an exogenous variable in the 

volatility of the returns equation. The relationship between the two variables can be 

investigated by examining the volume coefficients. The GARCH model also allows for 

the persistence of volatility to be estimated i.e. how quickly does a shock to the volatility 

take to die out? If volume can account for the persistence in volatility, the coefficient of 

the volume parameter will be positive and significant and the GARCH parameters will 

be negligible.

Econometric analysis presents many decisions and choices to be made which impact on 

the results and quality of the analysis. Improving the quality of the input, improves 

the output of the models and the overall reliability of the results and conclusion. Issues 

such as how best to construct variables and how to deal with outhers will impact on 

the coefficients, the estimated persistence of volatility, the convergence of models and

9
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the findings and conclusions. Neglecting outliers can lead to biased param eter estimates 

(Franses and Ghijsels, 1999), undesirable effects on the estimates of the parameters 

of the equation governing the volatility d}namics (Charles and Darne, 2005), spurious 

ARCH effects, decreases in the measure of the persistence of the volatility process 

and dominate the maximum likelihood estimates resulting in larger ARCH and smaller 

GARCH estimates (Verhoeven and McAleer, 2000a). Is turnover or volume a more 

suitable variable for use in econometric models? Should volume be detrended? Is there 

an appropriate method to identify outliers in a bivariate model? Answers to questions 

such as these may be found in the existing literature.

Sentiment measures optimism or pessimism in the market and text-based analysis 

extracts a measure of sentiment from qualitative sources such as news papers and 

internet blogs. Text-based analysis allows qualitative information to be transformed into 

quantitative information and various measures of sentiment can then be constructed. 

Text-based analysis may provide new insight into the MDH and the latent variables 

driving the volume-volatility relationship such as the rate of information arrival and\or 

trader’s sensitivity to news.

When a stock becomes a target for takeover, changes can be observed in the price 

formation process. A takeover announcement is a major event where unanticipated 

news is revealed to the market. The affect of this announcement can be observed in the 

volume and volatility of the target and the announcement of a takeover bid provides a 

unique opportunity to observe the reaction of the market to new information. Hutson 

and Kearney (2001) first applied the MDH to the market for corporate control to explain 

the volume-volatility relationship for takeover targets.

This chapter focuses on the volume and volatility relationship and the market’s reaction 

to news. The MDH provides a theoretical explanation for the existence of this 

relationship. Text-based analysis allows for new insight into the process of transmission 

of new information to the market. The announcement of a takeover offers a unique setting 

to observe the behaviour of volume and volatility, prior to and post the revelation of new 

information to the market.
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2.2 Volatility

Volatihty measures the size of the errors made in modeUing returns and other financial 

variables. The autoregressive conditional heteroskedastic (ARCH) model allows the 

average size of volatility to change over time. The errors made in predicting returns 

are not of a constant magnitude. There are periods when unpredictable market 

fluctuations are larger and periods when they are smaller. This is known as conditional 

heteroskedasticity and refers to the fact that the size of market volatility tends to cluster 

in periods of high volatility and periods of low volatility. GARCH models made it 

possible to formalise and generalise this observation and were a major breakthrough in 

econometrics. They specify a stochastic process for the error terms and predict the 

average size of the error terms when the models are fitted to empirical data. The 

ARCH/GARCH framework proved to be very successful in predicting volatility changes, 

(Engle et al., 2008). GARCH models describe the time evolution of the average size of 

squared errors, that is, the evolution of the magnitude of uncertainty.

Despite the empirical success of GARCH models, there is no real consensus on the 

economic reasons why uncertainty tends to cluster i.e. why do models tend to perform 

better in some periods and worse in other periods. The real economic challenge, however, 

is to explain GARCH behaviour in terms of features of agent’s behavior and/or economic 

variables tha t could be empirically ascertained. The future is always uncertain, but, 

over time new information becomes available that can help to forecast this future. Share 

prices are a reflection of the expected future profitability of a company at a point in 

time and change when news arrives to the market. GARCH models can be interpreted 

as measuring the intensity of the news process. Volatility clustering can be interpreted 

as news clustering and many things influence the arrival process of news and its impact 

on prices (Engle et al., 2008). Trades convey news to the market while other variables 

may moderate the importance of the news. These are important determinants of the 

volatility tha t are picked up by the GARCH model. GARCH models can be extended 

to a multivariate framework to model time varying covariances and correlations. While 

the forecasting of expected returns remain a rather elusive task, predicting the level of 

uncertainty and the strength of co-movements between market returns has become a 

fundamental pillar of financial econometrics (Engle et al., 2008).
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2.3 M ixture of distributions hypothesis

The existence of a positive relation between price volatility and trading volume is 

well-documented in studies of equity, foreign exchange and futures markets. Karpoff 

(1987) discussed two theoretical explanations for the volume-volatility relation; Copeland 

(1976)’s sequential arrival of information model, and the mixture of distributions 

hypothesis of Clark (1973), Epps and Epps (1976), Tauchen and P itts (1983) and 

Liesenfeld (2001). Karpoff (1987) argued for the superiority of the MDH because the 

former has two crucial flaws. First, it does not allow for investors being able to learn 

from trade information. Second, it implies that trading volume will be greatest when 

investors agree on the meaning of the information. This implication is counter-intuitive 

and opposite to the predictions of the alternative model, the MDH.

The mixture of distributions hypothesis suggests that volume and volatility should be 

positively correlated as they jointly depend on a common underlying latent mixing 

variable, the rate of information flow. The Mixture of Distributions Hypothesis proposed 

by Clark (1973), the link between volume-volatility and market trading mechanism in 

Tauchen and P itts (1983), and the empirical findings of volume-volatility relationship 

surveyed in Karpoff (1987) are useful starting points in understanding the volume- 

volatility relationship.

The main aim of Clark (1973) is to explain w'hy the daily price changes are leptokurtic. 

Secondary to this, he demonstrates that as the variance of returns increases so does the 

volume of traded shares. He assumes that events important to the price of a stock occur 

at a random rate through time. The daily price change is the sum of a random number 

of within day price changes. The variance of the daily price change therefore is a random 

variable with a mean proportional to the mean number of daily transactions. Since the 

daily price change is random the price process evolves at different rates on different days. 

Trading volume is used as a measure of the speed of information. The different evolution 

of price series on different days is due to the fact that information is available to traders 

at a varying rate. On days when no new information is available, trading is slow, and the 

price process evolves slowly. On days when new information violates old expectations, 

trading is brisk, and the price process evolves much faster.
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Clark (1973) proposes that the relationship between trading volume and price change 

variance must be examined to test the hypothesis tha t trading volume in some sense 

measures the speed of evolution of information to the market. If trading volume 

is not related to the speed of evolution of information to the market, there should 

be no correlation between volume and variance of returns. If trading volume is the 

directing process, the relationship should be linear, with the proportionality coefficient 

representing the variance of the price change.

The distribution of returns is leptokurtic so the central limit theorem (CLT) does not 

apply. The MDH of Clark (1973) serves as an alternative to the M andelbrot’s conjecture 

that observed response has infinite variance and is Stable Paretian distributed. It 

suggests why the central limit theorem does not apply to price changes and what 

condition of the CLT is violated. Mandelbrot proposed that the individual effects making 

up price change did not have finite variance but were still independent. This implies that 

the distribution of price changes should belong to the stable family of distributions which 

Levy (1925) showed to be the only possible limit distributions for sums of independent 

random variables. These distributions may be applicable to price changes as they have 

unbounded kurtosis and usually give high values for any measures sample kurtosis.

Clark (1973)’s alternative hypothesis as to why the central limit theorem does not 

apply to price changes is referred to as the mixture of distributions hypothesis. This 

hypothesis is that price changes are subordinate to a normal distribution. The price 

series evolves at different rates over identical time periods. The daily price change is 

composed of the sum of a random number of individual effects. This makes the central 

limit theorem inapplicable. Subordination is a transformation of a stochastic process 

into a new stochastic process through random time change by an increasing Levy process 

(subordinator), independent of the original process. The new process is subordinate to 

the original one. Clark (1973) explains the meaning of a subordinated stochastic process 

as follows. During identical intervals of time, a stochastic process, P, evolves at different 

rates. The price, P, observed on a daily basis evolves differently on different days. The 

sum of the number of individual effects within the day is the daily change in P, or

AP{T{t ) )  = P{T{t)) -  P { T { t - l ) )  (2.1)

and is a random variable. On days when the number of individual effects summed, is



Chapter 2. Literature Review 14

very small, the P changes slowly. If the directing process, T, has a finite mean, then 

subordinate stochastic process increments will have a finite variance unless individual 

effects do not.

When a stochastic process, P, that evolves over unit increments of time, t, is directed 

by another stochastic process operational time, T(t), a subordinate stochastic process 

is generated. A subordinate stochastic process evolves over operational time. A 

discrete stochastic process, price, is indexed by a discrete variable, normally time

This can also be written as P{0), P { 1 ) , P { t ) . . .  where P(s) is 

the value a particular reahsation of the stochastic process assumes at time s. The process 

can also be indexed by a set of numbers t i , t 2 ,t.3 ..., instead of the integers 0,1,2...., where 

1̂ ) 2̂ i are themselves a realisation of a stochastic process with positive increments 

such that ti  < t.2  < t.3  < .... If T (t) is a positive stochastic process, a new process may be 

formed, P (T (t)). This new process is subordinated to P (t). T(t) is the directing process. 

The distribution of AP{T{t))  is subordinate to the distribution of AP{t).  The role of 

the individual efi'ects in the evolution of the price process is given by AP{t).  The clock 

measuring the speed of evolution is given by T(t). The price process itself is denoted by 

P(T(t)).

The price process, P (T (t)), evolves at different rates on different days. Clark (1973) 

states that an obvious measure of this speed of evolution is trading volume. If the price 

changes on individual trades were uncorrelated, T (t), the directing process, would be 

the cumulative trading volume up to time t. The distribution of the increments of the 

price process AP{T{t))  would then have a distribution subordinate to that of the price 

changes on individual trades, and directed by the distribution of trading volume.

The concept of operational time is based on the observation that price evolves differently 

during identical intervals of time. Under the assumption of rational decision makers, 

traders would price adjust their asset given relevant new information that is observed 

in the market. Hence, the return process is indexed by operational time, which is 

randomized by time to next arrival of news to market and the strength or quantity of 

news. It has been often discussed that operational time may be captured in trade volume. 

Given tha t daily trade volume may reflect market reaction to information relevant to the 

underlying asset, the hypothesis was formed that trading volume is the index at which 

price changes evolve. So that on days of similar trade volumes, price change distribution
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would be independent of volume. The introduction of a directing process, increases the 

leptokurtosis of the distribution of the increments of P(T(t)). The limit distribution of a 

random sum of random variables which obey the central limit theorem is asymptotically 

normal with random variance, or subordinate to a normal distribution.

Epps and Epps (1976) specify an alternative formulation of the MDH proposed by Clark 

(1973). The alternative formulation by Epps and Epps (1976) describes an equihbrium 

model of intraday price determination in which the level of disagreement among traders 

causes the magnitude of the day’s overall price change. They derive a model in which 

the variance of price change on a single transaction is conditional upon the volume 

of the transaction. The Epps and Epps model examines the mechanics of within day 

trading. In this model, price changes are a mixture of distributions with volumes as the 

mixing variable. Trading volume is used to measure disagreement as traders revise their 

reservation prices based on the arrival of new information into the market. The change 

in the market price on each within day transaction is an average of the changes in all of 

the trader’s reservation prices. They assume a positive relationship between the extent 

to which traders disagree when they revise their reservation prices and the absolute value 

of the change in market price. The greater the level of disagreement between traders, 

the greater the level of trading volume. The volume-volatility relationship arises because 

volume of trading is positively related to the extent to which traders disagree when they 

revise their reservation prices. Their model suggests a positive causal relationship from 

trading volume to price change.

The Tauchen and P itts (1983) model has become the standard version of the MDH. 

They suggest the models proposed by Clark (1973) and Epps and Epps (1976) were 

incomplete and could be extended in two directions. Both models require the specification 

in advance, or discovery by nonlinear regression, of the functional form of the conditional 

expectation

E[AP^\V]

where P is price at time t, V is volume at time t and

A P  =  P t -  Pt-i
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The model eliminates this need. They provide an explicit expression for the joint 

probability d istribution of the price change and the trading volume over any interval of 

time. The joint distribution contains all the relevant information regarding the volume- 

volatility relationship. It determines the conditional distribution of the price change 

given the volume and the conditional absolute m oments of all orders. The MDH posits 

th a t price volatility and trading volume are both subordinated to the same information 

arrival ra te  “news” process.

Tauchen and P itts  (1983) incorporate elements of both  Clark (1973) and Epps and Epps 

(1976) by modelling the joint distribution of daily prices as a m ixture of bivariate normals 

which are conditioned on the random  and serially uncorrelated flow of information to 

the m arket. The standard  MDH predicts th a t the trading volume and absolute price 

change correlation increases with the variance of the daily rate  of information flow, 

and th a t volumes change over tim e in response to increases in the num ber of traders, 

the arrival of new information, or in the dispersion of beliefs. The volume-volatility 

relationship depends on why volumes change. The relationship arises because both  are 

positively related to  the unobservable mixing variable, the num ber of daily equilibria. 

The relationship is due to the extent to which traders disagree when they revise their 

reservation prices, more heterogeneous beliefs lead to more volatihty. Price change is a 

m ixture of distributions with transaction volume as the mixing variable.

As in Epps and Epps (1976), the Tauchen and P itts  (1983) model begins with an 

equilibrium theory of w ithin day price determ ination. The m ain difference between the 

two is the way price change and volume are connected. Tauchen and P itts  use a variance 

components scheme to model the w ithin day revisions of traders reservation prices. This 

allows for the joint probability d istribution of price change and volume for each within 

day m arket clearing to be derived. The daily price change and daily volumes are the 

sum of the random  num ber of within day price changes and within day volumes. If there 

is no variation in the mixing variable then  this relationship does not exist making, the 

Tauchen and P itts  model closer to  Clark (1973) than  Epps and Epps (1976).

In the standard  MDH of Tauchen and P itts  (1983) there are J  active traders in the 

m arket and J  is nonrandom  and fixed for each day. The J  traders may take a long 

or a short position. W hen new information arrives to the m arket, the movement from 

the (i-l)s t to the ith  w ithin day equilibrium  occurs and the interval of tim e between
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successive equihbrium  may vary in length. For j= l ,2 ,.. . ,J  active traders and at the tim e

where a  >  0 is a constant, p*j is the j t h  traders reservation price and pi is the current 

m arket price. Traders differ in their reservation price, p*^ due to  differing expectation of 

the future profitabihty of the asset as they react differently to new information. Positive 

values of Qij imply a  desired long position and negative values of Qij imply a desired short 

position. The reservation price of the J active traders is different from the current m arket 

price. The current m arket price is the reservation price of the nonactive traders. W hen 

the average of the trad e r’s reservation prices is equal to the m arket price Xlj=i Qij  —  

equilibrium is reached i.e. Pi = j  Y lj= iP ij-

W hen new inform ation arrives, the traders reservation price changes. Price change and 

trading volume at the ith  equilibrium can be given by:

Tauchen and P itts  (1983) assume a variance-components model for the change at tim e i 

in trader j ’s reservation price

where (pi represents information common to all traders and ij>ij represents trader specific 

information and E[(f)i] =  =  0 , var[(f)i] =  and var[(f)ij] =  cr^.

of the ith  wdthin day equilibrium, the desired position of trader j a t tim e i is given by

Qij  =  (y\p*ij -  Pi] (2 .2 )

(2.3)

j = i
J

J=1
J

(2.4)

^ P i j  =  4>i +  A j (2.5)
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The ith  price change can be expressed as:

and the z’th volume can be expressed as:

J

Vi =
3 = 1 

J

A Pj =  4>i+'4’i (2.6)

1
Ipi = (2-7)

J=1 
,7

=  H  (2 .8 )
j = i

Change in price is determined by both trader specific information and by common 

information while volume only depends on trader specific information, so a large value 

of (f>i relative to leads to a price change with little or no volume. The variance 

components, 4>i and are assumed to be normally distributed.

The random variables APi and V{ are assumed to be stochastically independent, their 

common dependence on <f)i and gives rise to functional dependence among their 

moments. The variance of the price changes and the expected value of volume are both 

increasing functions of the variance of the specific component, cr^.

The daily price change is the sum of the intra day price increments. Summing the within 

day price changes and trading volumes gives the day t price changes Ap^, and traded 

volume Vt
It

Apt = Api, Api ~  iV(0, (Tp) (2.9)
1= 1

I t

Vt = Y^ AVi, Vi ~  al) (2 .10)
i= l

Both daily price change and trading volume are mixtures of independent normals with the 

same mixing variable, I. When conditioned on I, daily price change Apt is N  ^  (0, cTpIt) 

and daily volume V is ~  cr^/t). The bivariate normal mixture model is written
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as

^Vt =  (^p\fltZit (2 .11)

V  —  l^ i'vh  +  ( 2 . 12 )

where Z\t and Z 2t are N  ~  (0,1) random variables and Zi, Z 2 and I are mutually 

independent. The only reason for prices and volumes to change during the day is 

information arriving to the market. The contemporaneous relation between Apf  and 

Ft is

Cm ,{A p l  Vt) = E [ A p l  Vt] - E[Ap^,]E[Vt]

= ap|I^,Var[It] >  0

Tauchen and P itts (1983) show that Cov{Apf,V)  = a^ii2 Var[I] > 0 which holds 

empirically so long as the number of traders is fixed. This shows that A P ^  and Vt 

are positively related to the unobservable mixing variable I. If there is no variation in 

the mixing variable i.e. Var[I] =  0 then Cov{AP^, V) = corr{AP^,  V)  =  0.

Trading volume is an imperfect proxy for the mixing variable as the volume is to equal 

plus the heteroskedastic measurement error (jy\/I^Z2t- Only if CTi, 0 will Clark’s 

(1973) method of dividing daily price change by a function of trading volume actually 

induce normality in the marginal distribution of price change. By writing the model as 

in equation 2.11 and equation 2.12 an explanation as to why previous work has reported 

tha t trading volume is an imperfect proxy for the mixing variable is provided.

As the mixing variable enters the model in a nonlinear way, Tauchen and P itts (1983) 

suggest that the proper way to ehminate the observed mixing variable between equation 

2.11 and equation 2.12 is to integrate it out of the trivariate joint probability density of 

A P  and V.

In Clark’s (1973) model, trading volume is a proxy for the speed of information flow. The 

information flow is a latent common factor that affects contemporaneous price changes 

and volume. There is no causal relationship between volume and price change in Clark’s 

model and Tauchen and P itt’s model.

Richardson and Smith (1994) conducted a direct test of the MDH. The model imposes 

restrictions on the joint moments of price change and volume as a function of a few
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parameters. These restrictions are then tested using the generahzed method of moments 

procedure. Characteristics of the distribution of the random rate of flow of information 

can be estimated. Some stylized facts concerning the unobservable information flow 

emerge. The information flow is found to have a small coefficient of variation, positive 

skewness and large kurtosis. Andersen (1996) includes a conditional Poisson distribution 

for the trading process and a volume component that is not information sensitive. 

Trading volume is partitioned into informed and uninformed trading volume, with the 

information arrival rate determining volatility and only the informed component of 

trading volume, not the uninformed component.

Liesenfeld (2001) suggests that the assumptions that volume and volatility are solely 

determined by the number of information arrivals and in particular the assumption that 

trader’s sensitivity to new information is constant over time are too restrictive. The 

standard mixture model treats every piece of information and its affect on volume and 

price change in the same way. The assumption of a single latent factor in the standard 

bivariate model cannot allow for the possibility of volume and volatility to have different 

degrees of persistence and Liesenfeld concludes that is it necessary to allow for further 

time varying and possibly serially correlated factors directing volume and volatility in 

addition to the number of information arrivals.

Liesenfeld (2001) extends the standard MDH of Tauchen and P itts (1983) to include 

an additional (latent) component to the volatility process. Tauchen and P itts (1983) 

assume that the sensitivity of traders to new information is constant over time and that 

every piece of information and its affect on price and volume is treated in the same way. 

Liesenfeld (2001) highlights the inability of the bivariate mixture model to adequately 

account for the joint behaviour of volatility and volume, especially the observed high 

persistence in volatility. He allows trader’s sensitivity to news to be time varying, while 

the latent news arrival process and trader’s latent responsiveness to news are serially 

correlated random variables. This model is known as the generalised MDH. Volatility is 

determined by both the number of information arrivals and the sensitivity to news while 

volumes are only determined by the number of information arrivals. By allowing trader’s 

sensitivity to new information to be time varying, he showed how the behaviour of volume 

and volatility results from the simultaneous interaction of the number of information 

arrivals and trader’s sensitivity to new information. This accounts for the leverage effect, 

and for non-homogeneous volume-volatihty dynamics. Liesenfeld (2001) found that the
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generalised model provides a better explanation of volatihty dynamics than  the standard  

model, w ith the  short-run volatility component being linked to  the news arrival process 

and the long run component being linked to trad er’s sensitivity to new information 

arriving in the  market. The short run movements of volatility are prim arily driven by 

the news arrival process and the long run movements of volatility by the sensitivity to 

news. The results suggest th a t sensitivity is only im portant for common shocks and not 

idiosyncratic shocks and as trading volume does not depend on the common component, 

the im portance of sensitivity is negligible. The process which drives the sensitivity to 

news is highly persistent for the estim ated companies, 0.996 for IBM and 0.987 for 

Kodak. The information arrival process which im pacts on both  volume and volatility 

has a persistence of only 0.654 (IBM) and 0.649 (Kodak). These findings suggest th a t 

the short-run volatility component is linked to the news arrival process and the long run 

component is linked to traders sensitivity to news, especially common news.

2.4 Testing the MDH pre-GARCH

Ying (1966) was the first to document both price-volume correlations in the same d a ta  

set by applying a series of chi-squared tests, analyses of variances and cross-spectral 

m ethods to six year daily series of price and volume (Karpoff, 1987). Ying (1966) has 

three main findings. A small volume is usually accompanied by a fall in price. A 

large volume is usually accompanied by a rise in price and a large increase in volume is 

usually accompanied by either a large rise in price or a large fall in price. Karpoff (1987) 

documents 19 articles between 1964 and 1987 th a t examine the correlation of the absolute 

value of the price change w ith trading volume. Of the 19 studies, 18 support the positive 

correlation. Crouch (1970) found positive correlations between the absolute values of 

daily changes and daily volumes for both m arket indices and individual stocks using 

simple linear regression where volume is the explanatory variable. Clark (1973) found 

a positive relation between the square of a m easure of the price change and aggregated 

volume by applying regression m ethods using daily d a ta  from the cotton futures markets.
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The following equations were fitted:

log(AP^) = a  + p{Vt) + ei (2.13)

log{AP^) = a  + /3log{Vt) + ei (2.14)

A P2 =  p{Vt) + ê  (2.15)

Epps and Epps (1976) suggests th a t volume moves with measures of within-day price 

variability because of the distribution of transaction price change is a function of volume. 

They find a positive relation between the sample variances of price changes a t given 

volume levels using the ordinary least squares regression

logAP^ = logb^ + j lo g V ^  +  log e* (2-16)

for 20 common stocks. The coefHcient of log is positive in 16 of the 20 cases and the 

null hypothesis is rejected a t the 5 % level in favor of the alternative hypothesis, 7  >  0, in 

four cases. None of the estim ates with a negative sign were significant. Two short comings 

of this model are noted. F irstly the error term s are heteroskedastic. Secondly, the OLS 

estim ates of 7  have an upward bias as all price changes equal to zero had to be dropped 

from the dataset as log(O) is undefined. The equation is also fitted using maximum 

likelihood to circumvent these difficulties. However, the distribution of the error terms 

m ust be known. They are therefore fitted under the assum ption th a t they are normal. 

Results show th a t 7  is positive for 16 of the 20 cases. Eight cases are significant at the 

5% level. Fisher’s test reveals th a t the results could have been obtained by chance (if 7  

equaled zero) with a probability of less than  1 x 10"^. Tests for normality do not support 

the assum ption of normality. Tauchen and P itts  (1983) found the same positive relation 

using Treasury Bills futures. They use a simple regression and a plot of £ ’[A P^|F]

versus volume for five sample points. At a fixed point in time, the function E[AP'^\V]

is increasing in the trading volume and it is gently convex. As the market expands the 

curve flattens out towards a straight line. Harris (1986) found a positive correlation 

between volume and returns, and the correlation between volume and squared returns 

using Spearm ans correlation applied to daily da ta  from 479 common stocks continuously 

traded on the New York or American Stock Exchanges. Pearsons correlation coefficient 

confirmed these results. Jain  and Joh (1988) find a similar correlation over one hour
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intervals for a m arket index by applying the equation

Vt = a  + ^\R t\ + ^ { D t \ R t \ ) + £ t  (2.17)

where Rt  is the returns a t tim e t, Df =  0 if the  hour t return  is positive and Dt = I 

otherwise.

2.5 Testing the MDH using GARCH

If the laten t information arrival process is serially correlated, then by the MDH both 

volatility and volume will be serially correlated. To test this using GARCH, the 

volume series is inserted into the variance of returns equation as an exogenous variable. 

Lamoureux and Lastrapes (1990b) were the first to test the MDH using a GARCH model 

by inserting volume as an exogenous variable in the volatility of returns. If volume can 

account for the persistence in volatility the GARCH param eters will become insignificant, 

the coefficient of volume will be positive and significant and the residuals will display 

no serial correlation or GARCH effects. If the volume series can account for some, but 

not all the persistence in the volatility, a reduction in the sum of ARCH param eter and 

GARCH param eter in equation 3.9 would be expected, bu t param eters would still be 

significant and the residuals may still display GARCH effects.

Andersen (1996) explains the reason for the presence of serial correlation in the 

information arrival process. W hen unanticipated news breaks on a given day, more 

detailed disclosures tend to follow over the next few days or weeks, and different 

interpretations of the circumstances leading to the event surface. This tends to keep 

the story in the headlines for an extended period of time. Im portant changes in the 

tactical orientation of a company typically play themselves out over longer periods and 

these developments are revealed through periodic news updates.

The persistence is a measure of the rate  a t which the A utocorrelation Function (ACF) 

decays to zero. The greater the persistence, the greater the clustering. GARCH behavior 

in a stock’s return  is generated by a serially correlated news arrival process where arrivals 

can be proxied by the trade volume. The existence of autocorrelation in the volume tim e 

series is essential because the MDH implies th a t serial correlation in volume causes 

conditional heteroscedasticity in stock returns.
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2.6 Trading volum es and persistent G ARCH  effects

Brooks (1998) appHed Granger causahty tests to show evidence of bidirectional feedback 

between volatility and volume, but the evidence is stronger th a t changes in volume cause 

changes in volatility. Understanding the relationship between volume and volatility may 

provide insight and understanding of the persistence observed in volatility.

The post-GARCH MDH volume-volatility literature commenced with Lam oureux and 

Lastrapes (1990b) who examined the validity of the MDH using daily returns on 20 

actively traded stocks from the OBOE along with their trading volumes which were 

assumed to be weakly exogenous while proxying for the rate  of daily information arrival. 

Assuming th a t the inform ation arrival process is serially correlated, they inserted volume 

as a weakly exogenous variable in the conditional volatility of the returns equation. 

Constraining the param eter space of the variance equation to be nonnegative, they 

showed th a t when volume is not included, GARCH effects are present, bu t when volumes 

are introduced, the GARCH effects no longer feature. They concluded th a t lagged 

squared residuals contribute little  if any additional information about return  volatilities 

when volume is included in the models, and th a t GARCH is consequently a m anifestation 

of the daily tim e dependence in the ra te  of information arrival to the m arket.

Om ran and McKenzie (2000) tested the Lamoureux and Lastrapes (1990b) model on the 

fifty largest UK companies and obtained consistent results insofar as volatility persistence 

is negligible when volume is included in the conditional variance of returns equation, 

bu t they found th a t GARCH effects remain in the residuals. They suggested a possible 

explanation for their results lies in the complex structure of the return  variance equations 

which include past values of both  the conditional volumes and return  volatilities which 

themselves are related over time. They also suggested th a t conditioning returns on 

volumes could remove any effects of innovational outliers on returns - which would 

reduce persistence. Gallo and Pacini (2000) examined the excessive implied persistence 

of volatility by using GARCH(1,1) and EGARCH(1,1) models on 10 actively-traded 

stocks to suggest alternative proxies for volume which are not weakly exogenous to 

returns, including lagged volumes and the difference between opening and closing prices 

of the previous day. They found th a t the la tte r provides most reduction in persistence, 

with significant coefficients in nine of their ten stocks for both  models, and th a t this
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specification reduces persistence in both models, although the results are no better than 

those obtained using contemporaneous volumes.

Lamoureux and Lastrapes (1994) relaxed the assumption in their prior work that volume 

is weakly exogenous, and they tested a mixture model for volume and return volatility 

where both variables are assumed to be generated by independent, identically distributed 

shocks and a single common factor comprising the speed of information arrival. This 

common factor was assumed to be serially correlated, and both volume and volatility of 

returns are also therefore serially correlated. They reported that accounting for serial 

dependence in the information arrival process does not eliminate GARCH persistence 

in variance, which contradicts their prior findings. They noted, however, that their 

results emanate from a particular version of the mixture model that might not apply to 

generalisations, and that the asymptotic properties of their tests remain unknown.

Richardson and Smith (1994) conducted a direct test of the MDH by imposing restrictions 

on the joint moments of volumes and price changes as functions of a few parameters. 

These restrictions were tested using the generalized method of moments (GMM) to 

estimate characteristics of the distribution of the random rate of information flow, 

which was found to have a small coefficient of variation, positive skewness and large 

kurtosis. The lognormal distribution was found to be most consistent with the data. 

Andersen (1996) partitions volume into informed and uninformed trading volumes, with 

the information arrival rate determining volatility and only the informed component of 

trading volume. Lo and Wang (2006) extend Andersen (1996) to include a non informed 

part of return volatility which impacts negatively on the correlation between volume and 

volatility.

Bollerslev and Jubinski (1999) tested the implications of the MDH as a long memory 

proposition in which the latent information arrival process has long memory charac

teristics. Examining all firms on the S&P 100 composite index, they use multivariate 

spectral methods to show that a fractionally integrated process best describes the long- 

run temporal dependencies in both series. The long run hyperbolic decay rates are found 

to be common across each volume-volatility pair, which is consistent with the MDH in 

which the aggregate news arrival process possesses long memory characteristics. The 

hypothesis that the two series posses a common long run hyperbolic decay rate is not 

rejected, and the results support the MDH as a long run phenomenon driven by a slow
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mean reverting fractionally integrated laten t information arrival process. Their semi- 

nonparam etric estim ates point to high commonality in the degree of fractional integration 

for each volume-volatility pair, and they conclude th a t their findings are consistent with 

a modified version of the MDH, in which the volume-volatility relationship is determined 

by a latent information arrival s tructu re  possessing long-memory characteristics. The 

different short-run dynamics of the two series explains rejection of the MDH in previous 

studies th a t focused only on short run dynamics. Allowing for differing short-lived news 

im pacts along with a common long-run component may better characterise the volume- 

volatility relation.

Continuing the focus on the jo int tim e series behaviour of return  volatilities and 

volumes, Lobato and Velasco (2000) examined the consistent estim ation of the long- 

memory param eters of trading volumes and return  volatility. They used robust semi- 

nonparam etric m ethods to  analyse the long memory properties of the 30 Dow Jones 

industrial stocks and found evidence supporting Bollerslev and Jubinski (1999) th a t 

volumes have long memory, and th a t return  volatility and volumes exhibit the same 

degree of long memory for most of the stocks. Regiilez and Zarraga (2002) applied the 

common features test of Engle and Kozicki (1993) to study whether seasonality, skewness, 

kurtosis, non-norm ality and serial correlation of return  volatility and volume concur with 

characteristics of the flow of inform ation to the m arket. Their da ta  comprises two series, 

calculated as the averages from 1,452 observations of volume and volatility from 100 

Spanish stocks. They test whether the series’ characteristics are due to a common factor, 

in which case a linear combination of them  would not possess the feature. They found 

th a t a common factor exists th a t drives both  returns and volumes in term s of dynamics, 

seasonality and skewness.

Most recently, Ane and Ureche-Rangau (2008) examined the long memory properties of 

power transform ations of returns and trading volumes for 50 “blue chip” stocks quoted on 

the London Stock Exchange. They found th a t the fractional differencing param eter, d, 

reaches its maximum for $=0.75 and rem ains almost unchanged for trading volumes 

although it dechnes for higher order moments of retu rn  volatilities. The volatility 

process is shown to be more complex than  the volume process, w ith a higher degree 

of interm ittence. They found th a t volumes help explain return  volatilities when there is 

a small difference in the fractional differencing param eter for both series. W hen volatility 

displays high interm ittence and the volume process remains sm ooth, the structures of
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the two series differ too much to be driven by the same latent process. In these cases, the 

MDH does not hold, and the Lamoureux and Lastrapes (1990a) m ethod fails to capture 

the GARCH effects of volatility by including trading volumes in the return  variance 

equation. They concluded th a t volume can only explain volatility persistence of stocks 

with lower degrees of interm ittence, and th a t although volume and volatility might share 

common short-term  movements, their fundam entally different long run behaviour lies in 

sharp contrast to the findings of Bollerslev and Jubinski (1999) and to  the MDH. The 

issue therefore remains open to further analysis.

Lamoureux and Lastrapes (1990b) find th a t persistence in volatility of individual stocks 

greatly reduces when volume is included in the conditional variance equation. However, 

it is noted th a t volume is not exogenous and th a t regression of return  volatility on 

volume is subject to simultaneous bias. A possible solution to this problem is the used 

lagged volume which will be predeterm ined and therefore not subject to the simultaneity 

problem. Gallant et al. (1993) find th a t lagged volume substantially a ttenuates the 

leverage effect. Andersen (1996) generalised the framework for the MDH where the 

joint dynamics of returns and volume are estim ated and find significant reduction in 

the estim ated volatility persistence. Arago and Nieto (2005) suggest th a t it is more 

appropriate to divide trading volume into two variables: expected volume and unexpected 

volume. They conclude th a t unexpected volatility has a significantly greater effect on 

conditional volatility than  unexpected volume or to ta l volume but does not eliminate 

persistence in volatility for stock indices. Future research into the relationship between 

volatility and volume may be useful for analysing the factors behind observed volatility 

clustering in returns, (Brooks, 1998; Poon and Granger, 2003; Arago and Nieto, 2005).

2.7 Consistent findings in the volume-volatility literature

The volume-volatility literature provides many diverse studies using various methodolo

gies, timescales, d a ta  frequencies etc. Many of the conclusions drawn from these studies 

do not entirely reject the findings of Lamoureux and Lastrapes (1990b) bu t also, in many 

cases, they do not give them  unconditional support. The literature suggests several 

consistent findings. Karpoff (1987), Lamoureux and Lastrapes (1990b), Gallant et al. 

(1992), Lee and Rui (2002) find a positive correlation between volatility of returns and 

volume. Inserting contemporaneous volume as an exogenous variable in the volatility of
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returns makes GARCH effects insignificant (Lamoureux and Lastrapes, 1990b; Gallo and 

Pacini, 2000; Omran and McKenzie, 2000). Contemporaneous volume accounts for more 

persistence than any of the other considered variable (Lamoureux and Lastrapes, 1990b; 

Bollerslev et al., 1992; Gallo and Pacini, 2000). Volume and Volatility are both long 

memory processes (Bollerslev and Jubinski, 1999; Lobato and Velasco, 2000). Volume is 

not stationary but returns are stationary (Gallant et al., 1992; Andersen, 1996; Bollerslev 

and Jubinski, 1999; Lobato and Velasco, 2000; Lee and Rui, 2002). The estimated 

persistence of volatility is too high when using a standard GARCH model (Gallo and 

Pacini, 2000; Omran and McKenzie, 2000). More can be learned about the stock market 

through studying the joint dynamics of stock prices and trading volume than by focusing 

only on the univariate price process (Gallant et al., 1992; Lee and Rui, 2002).

2.8 D etrended volum e

It is commonly recognised that measures of volume display nonstationarity and many 

studies have induced stationarity by removing the trend. Tauchen and P itts (1983) 

explain that a trend in the number of traders can conceal the relationship between 

volume and volatility and they state that “at a minimum, then, any variance-volume 

study should include preliminary tests for trend in the volume of trading”. Lo and 

Wang (2000) gauge the impact of six various methods of detrending on the time series 

properties of turnover. These methods are (i) linear detrending, (ii) log-linear detrending, 

(iii) first differencing, (iv) a four-lag moving-average normalisation (v) linear-quadratic 

detrending and deseasonalization (in the spirit of Gallant, Rossi and Tauchen (1994)) 

and (vi) nonparametric detrending via kernel regression where the bandwidth is chosen 

optimally via cross vahdation. Summary statistics reported show that the method of 

detrending can have a substantial impact on the time-series properties of turnover. The 

methods are as follows:



C hapter 2. Litera ture  Review 29

=  v t - { d i + ^ i t )  (2.18)

A t  =  vt -  (c?2 +  P2t) (2.19)

A t  =  -  v t - i  (2.20)

A t  =  7--------------------   TTT (2-21)
( v t - l  +  Vt - 2  +  Ut-3 +  V t - i ) / ^

At = -  ( 0 4  + hM- +

+ Ps.sDeclf +  PzaD^c2i +  +  PsfiDecAt

+  Ps.yJo-f^^t +  +  P3̂ g Jan3t +  Ps,wJo-'>^ t̂ +

+  Pz,iiMart  +  Ps^nApvt H h P3,wNovt) (2.22)

4  =  v t - k { v t )  (2.23)

Lo and W ang (2000) decided not to  use any m ethod o f detrending and conduct the ir 

analysis w ith in  5-year subperiods only. They note, however, th a t th is  may be a 

controversial choice and they a ttem p t to  ju s tify  the ir decision by expla in ing th a t from  

a s ta tis tica l po in t o f view, a nonstationary tim e series is nonstationary over any fin ite  

in te rva l and shortening the sample period cannot induce sta tionarity . A  shorter sample 

period increases the im pact o f sampling errors and reduces the power o f s ta tis tica l 

tests against most alternatives. They conclude th a t from  an em pirica l po in t o f view, 

confin ing the ir a tten tion  to  5-year subperiods is the best compromise and th a t the 

benefits o f focusing on subperiods are like ly  to  outweigh the costs o f larger sampling 

errors. Bollerslev and Jubinski (1999) and Lee and R u i (2002) use data sets th a t span 

37 and 26 years respectively. Bollerslev and Jubinski (1999) extract the linear trend 

from  the turnover series. They deemed th a t in  hght o f the sample sizes, the linear 

detrending procedure provides a reasonable compromise between com putational ease 

and effectiveness. T he ir results show th a t neither the detrending m ethod nor the actual 

process o f detrending affected any o f the quahtative findings, and they fu rthe r show th a t 

the raw volume data  are almost identica l to those reported fo r the linearly  detrended 

volume series.
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Lee and Rui (2002) allow for a nonlinear tim e trend in volume as well as a linear trend 

by including a quadratic tim e trend. The vector autoregression model used for causality 

tests assumes th a t the variables in the system are stationary; therefore the returns and 

volumes series m ust be tested for stationarity. Trend stationarity  in trading volume is 

tested for by regressing the series on a determ inistic function of tim e allowing for a linear 

and nonlinear tim e trend. The augm ented Dickey Fuller test and the Phillip and Perron 

test were used to test for the presence of a unit root. Results show significant linear 

and quadratic tim e trends for the three volume series and therefore trading volumes are 

adjusted for both  linear and nonlinear trends. The null hypothesis th a t the returns and 

detrended volumes have a unit root is rejected in all three stock exchanges when three 

and five lags were allowed for.

Andersen (1996) detrended the series by dividing the actual trading volume for a given 

day by the expected value calculated using a nonparam etric kernel regression w ith a 

normal kernel. Kernel regression is a nonparam etric technique used to estim ate the 

conditional expectation of a random  variable and corresponds to a two-sided moving 

average with weights th a t decline as the distance from the trading day increases. A choice 

m ust be made to determ ine the relative weighting of remote and nearby observations.

Gallant et al. (1992) remove calendar effects and the long term  tim e trend from the log 

volume series. The location regression is the regression of the raw log volume series, 

log Vt, on dummy variables for calendar effects, a linear trend variable, and a quadratic 

trend variable. The residuals from the location regression are denoted Ut- The variance 

regression is the regression of It = log on dummy variables for calendar effects, a 

linear trend variable and a quadratic trend variable. The estim ated values from the 

variance regression are denoted If. The adjusted log volume series used in the analysis 

is Vt = a  + P[et/exp{lt/2)]. The values of a  and /5 are chosen so th a t vt  has the same 

mean and variance as log Vt and the adjusted series is now stationary.

2.9 Outliers

The presence of outliers may have undesirable affects on the estim ates of the param eters 

of the equation governing the volatility dynamics (Charles and Darne, 2005). Outlier 

analysis in tim e series is concerned with the detection and accom modation of abnorm al



Chapter 2. Literature Review 31

and extreme observations in the data, and analysing their influence on the mean and 

variance of time series. Outhers may lead to misspecified models, poor forecasts and 

invalid inference. Omran and McKenzie (2000) state that evidence is found that there is 

a strong association in the timing of innovational outliers in returns and volume. They 

suggest tha t volume may reduce volatility persistence but it does not eliminate the need 

for GARCH modelling of stock returns. A possible explanation is that conditioning stock 

returns on volume removes the affect of innovational outliers on stock returns which lead 

to a reduction in volatility persistence.

An additive outlier (AO) at time t  affects only a single observation. It is not persistent 

and has no impact on volatility. It arises because of a recording or measurement error, 

or as a result of an usual event that does not carry over to subsequent observations 

(Verhoeven and McAleer, 2000b). It is related to an exogenous change that directly 

affects the series and only its level of the given observation at time t  =  t  (Charles and 

Darne, 2005). An AO will have an immediate affect on the observed series and a dynamic 

effect on the residuals.

An innovation outlier (10) at time t has an effect on several observations and also on 

the volatility of the observed data (Verhoeven and McAleer, 2000b). An 10 affects only 

the level of the standardised residual and has no affect on the estimated underlying 

volatility process. The outlier is part of the innovation and the impact carries over to 

subsequent observations. An 10 is possibly generated by an exogenous change in the 

series, and affects all subsequent observations after time r  through the memory of the 

process (Charles and Darne, 2005). An 10 will affect all observations but only affect one 

residual at the time of occurrence of the outlier.

Verhoeven and McAleer (2000a) find that outliers tend to dominate the maximum 

likelihood estimates resulting in larger ARCH and smaller GARCH estimates, may give 

rise to spurious ARCH effects, significantly increase the t-ratios of the GARCH estimates 

and decrease the persistence measure of the volatility process. Estimated residuals from 

GARCH models frequently display excess kurtosis (Franses and Ghijsels, 1999). One 

possible cause is that additive outliers are not captured by the standard GARCH model 

leading to biased parameter estimates and biased volatility forecasts.

Franses and Ghijsels (1999), Franses and van Dijk (1999) and Hotta and Tsay (1998) 

found tha t outliers significantly increase the intercept and ARCH terms and decrease the
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GARCH terms. The removal of outliers also lead to significantly lower forecast errors. 

A normal distribution predicts tha t on average, less than 0.003% of observations will fall 

outside the ±4a  range. Outliers also affect the Lagrange Multiplier test used to detect 

ARCH effects, leading to model misspecification (Franses et al., 1998; van Dijk et al., 

1999).

Visually inspecting the data and identifying outliers may not be an accurate method 

of identifying the most influential observations. The most obvious outliers do not 

necessarily have the largest impact on the parameter estimates (Sakata and White, 

1998). The more complex a process is, the more difficult it is to identify outhers visually. 

Estimated residuals from a volatility process provide some information for detecting 

outliers. Outliers are identified with respect to the assumed model. Methods based on 

selecting the largest standardised residual or observations with largest impact on the 

residual sum of squares, are not appropriate for time series models as observations are 

not i.i.d. The persistence of moderate to high observations may be overpredicted by 

a GARCH(1,1) model, and this effect may be considerably exacerbated when outliers 

are present (Lamoureux and Lastrapes, 1990a; Engle and Mustafa, 1992; Hamilton and 

Susmel, 1994; Sentana, 1995; Gray, 1996). Failure to account for the short-lived effects 

of outliers may result in the overestimation of subsequent volatility.

Chen and Liu (1993) developed a procedure which yields the joint, rather than sequential, 

detection of multiple outliers and estimation of the parameters, and appears more 

robust against spurious outliers and masking effects in an ARM A model. It is an 

iterative method, and consists of specification-estimation-detection-removal cycles to 

accommodate individually the most significant outliers. Firstly, the model is specified and 

estimated. Secondly, the impact of the outliers on residuals of the model is investigated. 

Finally, the observed series is adjusted according to the impact of the largest outlier and 

the model is reestimated. These steps are repeated until no more outhers are detected. 

Since the variance of the residuals itself is aff'ected by outliers, moving between iterations 

of adjusting only the largest outlier and re-estimating the model, and hence the variance 

of the residuals, reduces the masking effect.

The Chen and Liu (1993) procedure can be applied to the GARCH(1,1) as a GARCH(1,1) 

can be expressed as an ARMA(1,1) process. An ARMA model is estimated for the 

observed series to obtain the residuals i f  A GARCH(1,1) model is then estimated for
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i t  to obtain the estimated variance, ht- The least squares estimates of ^ot are found for 

all observations and used to compute the standardised test statistic. The observation 

with the maximum test statistic exceeding the critical value are then adjusted, giving 

the estimated uncontaminated residuals

The AR(1)-GARCH(1,1) model is then re-estimated using the adjusted observed returns 

and the procedure is repeated. The cycle is continued until the test statistic for all 

observations lie below the critical value. The distinction between outliers and extreme 

observations depends on this critical value. If the critical value is too large, the method 

may not identify any outliers. Lower critical values result in an increased power of 

outlier detection but the chances of spurious outliers being detected is also increased and 

parameter estimates may be biased. AO are the easiest outliers to detect while outliers 

that have the same shape as the basic data set such as level shifts are the hardest to 

detect. The closer the distance of outliers from the basic data, the harder they are to 

detect.

Andersen and Bollerslev (1998) acknowledge tha t absolute or squared daily returns 

are unbiased estimates of the underlying unobservable volatility. They are very noisy 

estimators of daily movements in volatility due to the large idiosyncratic error term. 

Outlying observations are frequently clustered and do not appear i.i.d. Outliers are 

primarily responsible for the asymmetries in these series.

Verhoeven and McAleer (2000b) explain that when volatility is high, ARCH parameters 

are higher and GARCH parameters are lower, implying larger innovations have larger 

ARCH (short-run) effects but smaller GARCH (long-run) effects. Evidence suggests that 

large shocks have only short lived effects and are considerably less persistent than small 

shocks. Large shocks have only a temporary effect, so financial time series are rather 

robust to outliers and revert to their long-term trends relatively quickly.

The MLE is dominated by outlying observations, with the short memory of outlying 

observations overwhelming the long term memory of smaller observations. The 

GARCH(1,1) is unable to capture both outliers and low volatility persistence. Removing 

outliers leads to increased stability in the GARCH parameters over time, but a decreased 

stability in constant terms and ARCH parameters (Verhoeven and A-IcAleer, 2000b).

(2.24)
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On average outliers decrease the persistence. The persistence is not very sensitive to 

outhers because these observations usually have opposite bu t equivalent effects in the 

GARCH(1,1) param eters. If weaker conditions such as the log moment condition are 

m et, the volatility process can still be stationary, even if the persistence exceeds unity. 

The fourth moment regularity is more stringent than  the second moment condition when 

outliers are present. Violation of the fourth moment condition means tha t the assum ption 

of asym ptotic norm ality may not hold, so th a t inferences based on norm ality may not 

be valid (Verhoeven and McAleer, 2000b).

2.10 Sentim ent

The text-based sentiment aims to  m easure the degree of optimism and pessimism in 

the text. Sentim ent can be extracted from qualitative information such as corporate 

disclosures, news articles and internet blogs and its affect on prices and m arket activities 

may be examined. It remains unclear whether sentim ent in text predicts investor 

sentiment or reflects past investor sentiment. Text-based sentiment may contain new 

information th a t is reflected in stock prices, volatility of returns and volume of traded 

shares. Sentim ent m ust first be extracted from tex t before a measure of sentim ent can 

be constructed. Li and Wu (2006) sta te  th a t raw volume is a t best only a coarse proxy 

for the latent information because it contains substantial noise. Text-based analysis may 

provide insight into the process and speed of evolution of information to the m arket 

and may allow the latent variables (information arrival and investor sensitivity) in the 

MDH to be examined using a direct quantitative approach. This section of the thesis, 

reviews the m ethods of sentiment extraction, the constructed measures of sentim ent and 

the main findings.

Mitchell and M ulherin (1994) analyse the effect of public inform ation on m arket activity. 

They analyse the number of stories per day reported by Dow Jones on the B roadtape and 

in the Wall Street Journal and a m easure of the m agnitude of the news is constructed 

based on the num ber of category codes Dow Jones assigns to each story. The findings 

include seasonalities in the information flow by m onth, by day of the week and for 

holidays, and a positive significant relationship between public inform ation and trading 

volume. The relationship between the information variable and absolute returns is 

positive and significant bu t it is not economically im portant.
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Berry and Howe (1994) examine patterns displayed in public information with emphasis 

on the intraday flow of information and also analyse the relationship between intraday 

volume and volatility and public information. They use the number of news releases by 

Reuter’s News Service via the North American Securities News wire per unit time as the 

proxy for the information variable. Findings suggest that the pattern in return volatility 

is consistent with observed patterns in the information flow across time. Information has 

no significant relationship with volatihty but some evidence of a positive relationship 

between volume and information exists.

Mitchell and Mulherin (1994) and Berry and Howe (1994) both use the number of news 

items released as proxies for the latent number of information arrivals. They find these 

proxies are only moderately related to trading volume and explain only a small fraction 

of variation in stock price volatility.

Antweiler and Frank (2004) examine the effect of messages posted on Yahoo! Finance 

and Raging Bull for 45 companies in the Dow Jones Industrial Average and the Dow 

Jones Internat Index. Four main variables define message board activity; the number of 

messages, the number of words, the bullishness and the agreement. Contemporaneous 

relationships between message boards and stock returns, trading volume and volatility of 

returns and the predictive ability of message boards on financial variables are examined. 

Three main questions are addressed. Does the number of messages posted or bullishness 

predict returns? Is more disagreement among messages associated with more trades? 

Does the number of posted messages or buUishness predict volatility? They find that 

the affect of messages on returns is significant but economically small. Messages can 

help predict volatility and disagreement is associated with increased volume. Antweiler 

and Frank (2004) use computational linguistics to measure bullishness. Firstly, a sub

sample of 1,000 messages are spilt into buy, sell, and hold messages manually. Using 

the software. Rainbow, the Naive Bayes algorithm is appHed to the training data. The 

option prune-vocab-by-info gain is set to 1000 to restrict the number of words in the 

vocabulary to the top 1,000 words as ranked by the average mutual information with the 

class variable. Each message is then evaluated and three probabilities are calculated, ie 

buy, sell or hold. The message is categorised in the class with the highest probabihty. 

The message classifications are aggregated in order to obtain a bullishness signal Bt for 

each of our time intervals t. is the weighted sum of messages of type c in the time 

interval t. Various weight measures were considered including equal weights, weighting
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by length of message, weighting by the inverse number of messages posted by an author 

and weighting by the number of citations of the message. Three measures of “bullishness” 

are considered

SELL

M p U Y  + ^ f S E L L

B : = In

B;* = MfBUY MiSELL

(2.25)
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(2.27)

(2.28) 
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and the Agreement Index is calculated as

A t  =  l - 1 - B i € [ 0 , 1] (2.30)

A negative relationship is found between the number of messages posted and stock 

returns the following day. This effect is statistically significant but economically 

small as potential gains would likely be offset by transaction costs. Bullishness 

is positively associated with contemporaneous returns but does not predict returns. 

Greater agreement is contemporaneously associated with fewer trades. The level of 

message posting and disagreement among messages helps to predict volume, but greater 

disagreement predicts fewer trades, not more trades, the next day. Greater agreement 

on a given day is followed by more trades on the following day. Bulhshness exhibits some 

predictive ability for trading volume but the effect is strongest from trading volume to 

bullishness rather than from bullishness to volume. Message board postings levels also 

predict subsequent volumes. Message board activity can also help predict volatihty of 

returns. The more messages posted today and the more bullish these messages will imply 

greater volatility tomorrow. Neither disagreement nor the number of words forecast 

tomorrow’s volatility. Antweiler and Frank (2004) conclude that message boards do 

contain financially relevant information and can predict volume and volatility.

Antweiler and Frank (2006) identify news stories by their topic rather than their tone 

and for each topic where at least 50 news stories were identified in the Wall Street 

Journal, an event study was carried out. The purpose of the study is to test the efficient 

market hypothesis which states tha t once information becomes publicly available, it
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should be fully reflected in the prices within, at most, a day or two. They use machine 

learning techniques, and the Naive Bayes classifier, for autom ated tex t classification. 

The algorithm  “learns” the sentiment classification rules from the pre-classified da ta  set, 

and applies these rules out-of-sample. The key assum ption underlying the Naive Bayes 

classification m ethod is th a t occurrences of words are independent of each other. Firstly 

a training d a ta  set is classified manually, which serves two purposes: it identifies the 

event space, C, and it assigns the news stories from the training d a ta  set to specific event 

categories. The event categories are defined by reading a random  sample of the news 

articles. For each of the N news stories there are C posterior odds, interpreted as a binary 

sta te  variable, 67 basic news topics are defined and perm itted  7 possible qualifiers bu t 

then restricted to topics with a t least 50 stories. The vocabulary of M words is computed 

by applying the information gain (IG) criterion. After com puting the information gain for 

each word, only the words with the largest information gain are included in the dictionary. 

The dictionary is used to decide what topic to place the news article in. The Naive Bayes 

classifier is applied to  the entire da ta  set to calculate posterior odds for all news stories 

and event categories. For each topic, an event study is run. Four main findings emerge. 

Firstly, prices show a reversal or overreaction to news. Abnorm al returns before and 

after the event have different signs. Secondly, statistically  significant return  m omentum 

is observed for many days after the news has been published. Thirdly, inferences drawn 

from an event study are sensitive to the event window. Finally, the average news story 

has a more prolonged and bigger impact during a recession than  during an expansion.

Das and Chen (2006) extract investor sentiment from stock message boards using five 

distinct algorithm s and a voting system to assign the messages to one of three categories, 

buy, hold and sell. Sentiment is defined as the net of positive and negative opinion 

expressed about a stock on its message board. Five different algorithms are used to class 

a message as bullish (optimistic), bearish (pessimistic), and neutral (comprising either 

spam or messages th a t are neither bulhsh nor bearish). Each algorithm  is applied to  a 

training set. The algorithms “learn” sentim ent classification rules from the pre-classified 

d a ta  set, and then apply these rules out-of-sample. A simple m ajority across the five 

algorithm s is required before a message is finally classified, or else it is discarded. Buy 

messages increment the index by one, and sell messages decrement the index by one. 

Sentiment is then aggregated daily (equally weighted) across all sample stocks so as to 

obtain an aggregate sentiment index. An optimism score is com puted from the difference
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between the number of optimistic words and pessimistic words as a percentage of the total 

words in the body of the text where words are classified as positive or negative according 

to the General Inquirer. In addition to the sentiment index, a daily disagreement measure 

is constructed

D I S A G = \ l - \ { B - S ) / B  + S)\\ (2.31)

where B  is the number of buy messages and S  is the number of sell messages. Sentiment 

is aggregated across the 24 selected stocks and related to an index for the selected stocks. 

Sentiment is also examined for the individual stocks and their corresponding stock prices. 

Findings suggest that a relationship exist between the sentiment index and the stock 

index but that this relationship is not present across individual stocks. The relationships 

between sentiment and disagreement, message volume, trading volume and volatility 

were also examined. Sentiment is found to be inversely related to disagreement, positively 

correlated with message posting volume, and message posting volume is positively related 

to volatility. Message volume significantly explains changes in stock levels and volatility. 

Changes in sentiment are positively related to changes in stock levels. Disagreement does 

not explain volatility.

Davis et al. (2006) examine the contemporaneous relationship between earnings, returns 

and qualitative information contained in earnings press releases. In this work, DICTION 

5.0, a computerized textual-analysis software is used to obtain systematic measures of the 

levels of optimistic and pessimistic language used in earnings press releases. Three words 

lists (words associated with praise, satisfaction and inspiration) are identified as optimism 

increasing and three lists as optimism decreasing (blame, hardship and denial). The 

variable OPT  represents the percentage of words in the press release that are “optimism 

increasing”, and the variable PESS  represents the percentage of words in the press release 

tha t are “optimism decreasing”. N ETO PT  is the difference between the OPT  and PESS  

variables {OPT-PESS). Findings suggest that optimistic and pessimistic language is 

predictive of a firms performance in future quarter earnings. They find a significant 

market response to the levels and unexpected amounts of optimistic and pessimistic 

language in earnings press releases after controlling for other factors that influence the 

markets response to earnings announcements. Managers use optimistic and pessimistic 

language in earnings press releases to provide information to market participants about 

expected future firm performance, and the market responds to optimistic and pessimistic 

language used in quarterly earnings press releases.
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Li (2006) analyses the predictive abihty of quahtative information contained in corporate 

annual reports on annual earnings and annual returns. To measure the emphasis on risk 

and uncertainty of the annual reports, a simple count the number of occurrences of the 

risk-related words is conducted. The frequencies of “risk” (including “risk”, “risks”, and

“risky”) and “uncertainty” (including “uncertain”, “uncertainty”, and“uncertainties”) are

counted. Risk sentiment is calculated as

RSt = ln{l + NRt)  (2.32)

and change of risk sentiment as

A R S t  = ln{l  +  NRt)  -  ln{l  +  N R t - i )  (2.33)

where N R t  and N R t - i  are the numbers of occurrences of risk-related words in year t and 

year i — 1 respectively. Stronger emphasis on risk in the annual report is associated with 

lower future earnings. The risk sentiment of reports also predict future returns. Firms 

with a large increase in risk sentiment experience significantly negative returns relative 

to those firms with little increase in risk sentiment in the year following the annual report 

and Li (2006) concludes that the stock market under reacts to public information in the 

qualitative information of annual reports.

Tetlock (2007) examines the influence of the Wall Street Journal’s “Abreast of the 

Market” column on the Dow Jones Industrial average. Investor sentiment is the level 

of noise trader’s beliefs relative to Bayesian beliefs. For each day, the number of words 

in 77 predetermined General Inquirer (GI) categories from the Harvard psychosocial 

dictionary are counted. Using principal components factor analysis, a single media factor 

is constructed that captures the maximum variance in the GI categories. This factor is 

most strongly related to pessimistic words and is referred to as a pessimism factor. High 

pessimism predicts a temporary decrease in returns before returning to fundamentals. 

Unusually high or low pessimism predicts high trading volume. Pessimism does not 

appear to be related to decreases in risk measurement as it weakly predicts increases in 

market volatility.

Tetlock et al. (2008) analyse the impact of negative words in the Wall Street Journal 

and Dow Jones News Service stories on accounting earnings and stock returns for
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individual firms on the S&P 500. The aim of which is to address if quantifying language 

provides novel information about firm’s earnings and returns. Negative words from the 

General Inquirer’s Harvard-IV-4 classification dictionary are used to measure qualitative 

information. The primary measure of media content is the standardised fraction of 

negative words in each news story. Similar results were found when combined measures 

of positive (P) and negative (N) words such as (P-N )/(P+N ) or lo g ((l+ P )/(l+ N )) were 

used. The variable neg is the stationary measure of media content employed in the 

analysis
^  {No. o f  negative words)

{No. o f  total words)

and
N e g - ^ N e g  

=  6Neg ......

where /iNeg  is the mean of Neg and 5Neg is the standard deviation of Neg over the 

prior calendar year. Three main finding emerge. Firstly, negative words in firm specific 

news stories predict low firm earnings. Secondly, stock market prices respond to negative 

information with small delay but profits from a strategy based upon the findings could 

easily be offset after accounting for transaction costs. Thirdly, earnings and return 

predictability are greatest for the stories that focus on fimdamentals.

2.11 Possible im plications for sentim ent,text-based  analysis 

and the M DH

If a text-based variable\information variable could be constructed which was capable 

of measuring of the flow of information to the market, predictions about the behaviour 

and distribution of this information variable and the relationship between sentiment and 

the MDH could be made. By exploring the existing literature on the MDH, the flow of 

information to the market and sentiment, many new questions of interest are raised.

Based on Clark (1973) the information variable extracted from the text should be 

positively correlated with both volume and volatility. When conditioned on the 

information variable, do returns follow a normal distribution with reduced kurtosis? Does 

variance of returns increase when the information variable increases? If the information 

variable is an accurate measure of the speed of information flow to the market, variance
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of returns should be normally distributed when the information variable is constant and 

kurtosis should be reduced in a similar manner to Clark (1973). Does the lognormal 

provide the best fit to the distribution of the information variable?

Tauchen and P itts (1983) imply that changes in price are determined by both trader 

specific information and by common information while volume only depends on trader 

specific information. Does the information variable capture only common information 

and is it therefore only correlated with price changes? If the variation of the information 

variable is not zero does this imply the correlation between volume and volatility is 

not zero? If the information variable better captures the flow of information to the 

market than volume, do daily price changes show a greater reduction in kurtosis when 

the information variable is used as opposed to volumes?

Lamoureux and Lastrapes (1990b), among others, find that the volatility of returns are 

highly persistent. Does this imply that the information variable is highly persistent? 

Would a high level of persistence observed in the information variable provide an 

explanation for the persistence observed in volatility of returns (or volumes)?

Bollerslev and Jubinski (1999) state that the latent information arrival process represents 

the intensity of both firm specific and marketwide news events. Based on this, does the 

information variable capture only market wide news?

Richardson and Smith (1994) imply that the information flow should be positively 

skewed, have large kurtosis and small variation relative to its mean. Does the newly 

constructed information variable have these characteristics?

Liesenfeld (2001) implies that volume is determined by the number of information arrivals 

and volatility is determined by the number of information arrivals and trader’s sensitivity 

to news. If sentiment is a measure of trader’s sensitivity to new information, should 

volume be determined by only the number of information arrivals and volatility be 

determined by the number of information arrivals and sentiment?

The exploration of issues such as these could provide valuable insight into the transmis

sion of information to the market and further strengthen the mixture of distributions 

hypothesis.
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2.12 Takeovers

The takeover m arket allows alternative m anagement team s to compete for the control 

of corporations, facilitating a more efficient m anagement and allocation of resources 

(Manne, 1965). Upon announcem ent of a takeover, target stock price dynamics undergo 

fundam ental changes. These reflect the m arket’s reaction to unanticipated news and 

the affect the announcem ent has on the return  on target companies, the unconditional 

and conditional volatility of the return  on target companies, trading volume and MDH 

and the volume-volatility relationship in takeovers. The affect of a takeover may also be 

visible in the price and volume of traded shares of target companies prior to takeover 

announcement.

2.13 The return on target com panies

Takeover announcem ents typically increase the value of target common stock, with large 

positive abnorm al returns commonly reported around the public announcem ent of a 

merger or tender offer. This abnorm al return  of the target firm occurring prior to the 

actual acquisition announcem ent is often referred to as the pre-announcem ent target 

price “runup”. This runup is accompanied by abnormal trading volume.

Andrade et al. (2001) show in a sample of 3,688 mergers between 1973 and 1998 tha t 

target firms gain a significant 23.8% in a window beginning 20 days before the acquisition 

announcem ent and ending on the merger closing date. Approximately half (between 42% 

and 64%) of such returns occur prior to the merger announcem ent itself (Keown and 

Pinkerton, 1981; Jensen and Ruback, 1983; Mikkelson and Ruback, 1985; Dennis and 

McConnell, 1986; Black and Grundfest, 1988).

The returns earned by target firms in a takeover are largely found to be significant 

and positive over various tim e periods, event windows, deal type and observation period. 

Bruner (2003) summarises the results of 25 studies between 1978 and 2002 and concludes 

th a t M&A transactions deliver a premium return  to target firm shareholders. Significant 

target abnorm al returns prior to, on, and shortly after the acquisition announcement 

date, are consistently found despite variations in the tim e period, deal type, and the 

precise event window used.
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Most studies have found pre-announcement “runups”. The resulting takeover premiums 

are usually large, averaging 20 to 40 percent (Hutson and Kearney, 2001). The premium 

is calculated as

P rem ium  =  ~  Ppre-bid  ^  2̂ .3 6 )
^pre-b id

where is the bid price and Ppre-bid  is the pre-bid price.

Acquiring companies therefore frequently “overpay” for their targets, with consequent 

loss of value to their stockholders. Despite this, there have been few recent studies 

of target premium size, and even fewer that are international in scope. Exceptions 

are Campa and Hernando (2004) and Goergen and Renneboog (2004). In Campa and 

Hernando (2004) for each merger in the sample, both the target and acquiring company 

are in EU member countries. The sample consisted of 262 M&A announcements across 15 

countries. They found no significant difference in cumulative abnormal returns for target 

firms between domestic and international mergers in non-financial industries. Domestic 

mergers in financial industries display higher returns than cross-border mergers in this 

sector. Goergen and Renneboog (2004) believed that, as most of the M&A research 

concentrates on the UK and US markets and most studies also concentrate on M&As in 

a single country, a European-wide study would provide interesting results. The sample 

consists of 228 merger or acquisition announcements, involving a European bidder and 

target, in the period of 1993-2000. They analyse the short-term wealth effects of large 

intra-European takeover bids.

2.14 The unconditional volatility  o f the return on target 

com panies

It is established in the literature that returns tend to become more volatile immediately 

after the takeover announcement. This has been shown by Levy and Yoder (1993), Lee 

et al. (1994), and by Smith et al. (1997). It has also been shown that they subsequently 

decline during the bid period. This was first reported by Bhagat et al. (1987), who found 

that target return standard deviations are lower during the bid period than during the 

pre-bid period.
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Keown and Pinkerton (1981) find increasing option imphed standard  deviations are 

apparent three days before announcem ent for target firms. In the equity m arket, 

takeover activity is not apparent in the targets residual variances until two days 

before announcem ent and is not reflected in the abnorm al returns until one day before 

announcem ent. Takeover activity is first signalled in the second moment of returns rather 

than  in the first moment in the options market.

Bhagat et al. (1987) reported th a t the unconditional standard  deviation for a sample of 

295 targets subject to tender off'er during the period 1962 to  1980 declined by 16 percent, 

from an average of 0.025 pre-bid to 0.021 post-bid.

Levy and Yoder (1993) seek to determ ine if the standard  deviation of the bidding and 

target firm distribution signals an information flow into the m arket as changes in stock 

return  volatility may be the first indication of takeover activity rather than  changes in 

the mean return. The analysis aims to determ ine if the equity m arket or the options 

m arket impounds information into prices simultaneously. If both  m arkets are exposed 

to the same public information they would be expected to adjust simultaneously. If 

private information is available Levy and Yoder (1993) explain th a t the logical place 

to exploit this information is in the options m arket because of the superior leverage 

inherent in options and the information will then be filtered into the equity market. 

The results suggest significantly higher option-implied standard  deviations for target 

stocks from three days before the announcem ent up to and including, bu t not after, the 

announcement day.

Lee et al. (1994) report th a t intraday volume and volatility is abnorm ally high but 

decreasing during the first post-takeover announcem ent day. They find th a t the abnormal 

volatility disappears after the first post-takeover announcem ent day bu t the abnorm al 

volume persists for several days. This confirms the results reported in an exam ination of 

squared residuals of daily returns of target firms in the period surrounding takeover 

announcem ents by Levy and Yoder (1993). Smith et al. (1997) examine whether 

difi’erences in the nature of information released during takeover announcem ents affect 

target firm stock volatility and trading volume. They find th a t the level of post 

announcement volatility is significantly related to the type of paym ent m ethod and the 

hkelihood of a takeover contest. Lee et al. (1994), for the NYSE, and Sm ith et al. (1997), 

for the Toronto stock exchange, found th a t intraday unconditional stock price volatility



Chapter 2. Literature Review 45

is abnormally high but decreasing on the day of a takeover announcement. However, 

these studies are limited to the announcement day. Hutson and Kearney (2001) have 

examined the conditional price volatility of Australian target stocks, from announcement 

to conclusion of the bid, and find that it declines after the takeover announcement. They 

argue tha t this decline reflects a convergence of trader opinion regarding target stock 

value. Hutson and Kearney (2001) model the price volatility of target stocks over the 

full bid period, from the announcement of the bid to its conclusion as specified by the 

bidder in contrast to previous studies. Previous studies of target price volatility (Levy 

and Yoder (1993); Lee et al. (1994); Smith et al. (1997)) which considered only the 

change in unconditional volatility, have examined only the hours, or at most the few 

days around the takeover announcement.

For the purpose of calculating the unconditional standard deviation Hutson and Kearney 

(2001), defined the pre-announcement period to begin 250 days before the announcement 

and to exclude the contaminating effects of the “runup” period of twenty days. The post- 

annoimcement period excludes the day of announcement. The unconditional standard 

deviation is calculated for the full sample and the sample sub-divided by outcome 

(success or failure) and by consideration (cash, mixed or share-exchange). The average 

unconditional standard deviation for the full sample declines highly significantly from the 

pre-bid to the post-bid (from 0.035 to 0.023, a decline of 34%). For successfully targeted 

stocks, the decline is even greater (a 41% decline from a pre-bid average of 0.037 to 

0.022 post-bid). For targets of failed bids, the reduction in volatility (a 10% decline) is 

not statistically significant at the 5% significance level. Finally, the reduction in target 

price volatility from the pre-bid to the post-bid period is significant for cash bids at 46% 

(p<0.001), marginally significant for mixed bids at 24% (p=0.08) and is insignificant at 

15% for share-exchange bids (p=0.11). The results imply, that for targets of successful 

bids, the post-announcement price volatility of target stocks declines relative to their pre

announcement levels. Post-announcement reduction in unconditional price volatility for 

targets of successful bids exceeds that of targets of failed takeovers. Post-announcement 

reduction in unconditional price volatility is greatest for cash bids, exceeding that for 

mixed bids, with share-exchange bids exhibiting the smallest reduction. These results are 

qualitatively consistent with Bhagat et al. (1987), who reported that the unconditional 

standard deviation of target stock returns declined by 16%, from an average of 0.025 

pre-bid to 0.021 post-bid.
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Hutson (2007) examines the unconditional standard deviation of 154 US targets from 

1995 to 1998. The average unconditional standard deviation for the full sample declines 

by a highly significant 53% from pre-announcement to post announcement, (a much 

larger decline than Hutson and Kearney (2001) of 34% ). The standard deviation of the 

sub-sample of successfully targeted stocks shows a significant decline (56% decline), at 

the 5% level of significance, from pre-announcement to post-announcement. For failed 

bids the decline is not significant (16% decline). Cash bids also show a significant decline 

(54% decline) but non-cash bids do not (6% dechne). For targets of friendly bids, the 

decline is highly significant (58% decline), while for hostile bids the decline is smaller, 

at 21%, although still significant. These results are qualitatively consistent with Bhagat 

et al. (1987) but Hutson (2007) reports a considerably greater reduction in risk which may 

be explained by Hutson (2007) being dominated by targets of full bids. Over two-thirds 

of Bhagat et al’s (1987) sample comprised partial bids.

2.15 The conditional volatility of the return on target 

com panies

Using daily data, for a sample of Australian targets Hutson and Kearney (2001) find the 

conditional price volatility declines during the bid period. Hutson and Kearney (2001) 

investigate whether the conditional price volatility of target stocks decline during the 

bid-period using a version of an ARCH model. Conditional price volatility is found to 

decline after the takeover announcement. The results of Hutson and Kearney (2001) are 

qualitatively the same for the conditional and unconditional volatility. For targets of 

successful bids, the post-announcement price volatility of target stocks declines relative 

to their pre-announcement levels. Post-announcement reduction in conditional price 

volatiUty for targets of successful bids exceeds that of targets of failed takeovers. Post

announcement reduction in conditional price volatility is greatest for cash bids, exceeding 

tha t for mixed bids, with share-exchange bids exhibiting the smallest reduction.

Hutson (2007) investigates if the conditional price volatility of target stocks declines when 

they are “in play” for the full sample and the sample delineated by outcome, consideration 

and management attitude. For the conditional volatilities, the pre-announcement period 

begins 250 days before the takeover announcement and ends at the close of business the
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day before the announcement. The post-announcement period begins at close of business 

on the day of the announcement, and runs until the formal conclusion of the bid i.e. no 

runup period is excluded as in the calculation of the unconditional volatility. A reduction 

in the conditional volatility is observed after the announcement of the takeover for the 

target stocks. The result is most dramatic for targets of ultimately successful bids. The 

reduction is greater for cash bids than non-cash bids because of a volatile bid price in 

stock-swap bids. Targets of friendly bids experience a greater volatility reduction than 

targets of hostile takeovers, resulting in higher price volatility relative to friendly bids.

Hmaied (2007) concludes that for cash offers, conditional volatility is lower post

announcement than pre-announcement. The effect is less pronounced for share-exchange 

offers. These results support Smith et al. (1997), Hutson and Kearney (2001) and Hutson 

(2007).

Gelman and Wilfling (2009) use a two-state Markov-switching GARCH framework to 

detect statistically significant conditional volatility regime-switching for all takeover deal- 

types by consideration structure. They adopt Hutson and Kearney’s (2001) idea of 

explaining the decline in conditional target stock-price volatility after the announcement 

of the takeover bid by a change in the price formation process during the post

announcement period. For the target stock price return, two distinct regimes are assumed 

at any point in time. Regime 1 represents a state in which stock market participants 

either are not aware of the intended takeover, or are highly sceptical about the ultimate 

deal success. In this regime target stock price returns should exhibit a high market 

beta and a high conditional volatility. Regime 2 characterises the state in which market 

participants are certain tha t a takeover deal will ultimately succeed. In this regime, target 

stock price returns should exhibit a low market beta and low conditional volatility. All six 

return series examined exhibit clear-cut heteroscedastic patterns with declining volatility 

towards the end of the (successful) takeover negotiations. Regime-switching structures 

are empirically robust under all kind of deal-types and statistically significant volatility 

regime-switching for all types of takeover deals are found. Cash-bid deals tend to exhibit 

more distinct volatility regime-switching than mixed bids and pure share-exchange bids.
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2.16 The volum es of traded shares of target com panies

2.16.1 Increased trading volum e prior to announcement

The existing hterature concerning the market for corporate control offers various expla

nations for the increased trading volume and price runup before takeover announcements 

such as insider trading, market anticipation hypothesis, liquidity clustering and merger 

arbitrage (Hmaied, 2007).

Insider  trading: The information leakage hypothesis contends that some investors learn 

about impending takeovers through those that have access to non-public information. 

Keown and Pinkerton (1981) conclude that the observed price runups imply the incidence 

of substantial amounts of trading based on insider information prior to the first public 

announcement of the proposed takeover. Seyhun (1986) indicated that corporate insiders 

trade profitably in their company’s equity. Lakonishok and Lee (2001) found that insider 

trading in equity markets is more informative at smaller firms. However, Jennings (1994) 

finds weak evidence of increased trading volume before takeover announcements and 

concludes the absence of informed trading for the NYSE.

M arket anticipation:  The market anticipation hypothesis implies that there are a 

number of publicly available information sources which could potentially be utilized by 

investors to alter their perception of the likelihood of impending takeovers. Jensen and 

Ruback (1983) argue tha t investors may be able to predict takeovers using pubhcly 

available information, and this anticipation of a takeover is reflected in the pre-bid 

price run-up. Jarrell and Poulsen (1989) assert that legitimate sources, such as media 

speculation concerning the upcoming takeover and the bidder’s purchase of shares in the 

target firm, contribute to the target’s stock price run-up.

Liquidity  clustering: Liquidity traders prefer to trade when the market is thick i.e. 

when their trading has little affect on price and this creates strong incentives for liquidity 

traders to trade together and for trading to be concentrated (Admati and Pfieidere, 1988).

Arbitrage: Harris and Raviv (1993) focus on speculative trading as being the

major factor accounting for surges in market activity following public announcements. 

Speculative trading stems, presumably, from disagreements among traders over the 

relationship between the announcement and the ultimate performance of the assets in
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question. Such disagreements can arise either because speculators have different private 

information or because they simply interpret commonly known data differently. Harris 

and Raviv (1993) assume tha t traders receive common information but differ in the 

way in which they interpret this information, and each trader believes absolutely in the 

validity of his or her interpretation. They assume tha t traders start with common prior 

beliefs about the returns to a particular asset. As information about the asset becomes 

available, each trader updates their beliefs about potential returns on that stock.

Hutson and Kearney (2005) explain that atypical merger arbitrage trade involves 

purchasing the target stock on announcement of the takeover and holding it until the 

end of the offer period. If the bid is successful, the target stock is sold to the bidder and 

the full premium spread is gained. In the case of stock-swap bids, a common trading 

strategy is to take a long position in the target and a corresponding short position in the 

bidder. This is designed to isolate the expected premium spread, while removing other 

sources of variability, most notably market risk.

2.16.2 Trading volume and takeover announcem ent

Jarrell and Poulsen (1989) found that in successful bids there were significant stock 

price runups and surges in volume before the bids. Sanders and Zdanowicz (1992) found 

evidence of stock price runup before the announcement, however it was not accompanied 

by abnormal trading volume. Jennings (1994) uses intraday data for targets listed on 

the NYSE and finds weak evidence of increased trading volume before the takeover 

announcement and high trading volume during the first five trades. Ascioglu et al. 

(2002) found that significant increases in volumes traded occurred from approximately 

four days prior to the announcement. Vandelanoite (2002) examines targets listed on the 

Paris Bourse using daily data. No increase in trading volume is found pre-announcement. 

Gao and Oler (2004) use daily data for US targets and observe that high volume is 

observed seven days before stock price variation.

Bhagat et al. (1987) also showed that trading volumes tend to decline towards the end 

of the bid period. Hutson and Kearney (2001) confirmed this, and they explained this 

decline by the mixture of distributions model, whereby the degree of dispersion in traders’ 

beliefs about the underlying values of target stocks declines as the bid period proceeds.
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They focus on domestic takeovers where both the target and bidder are listed on the 

Australian stock Exchange.

Lee et al. (1994) and Smith et al. (1997) examine post-announcement trading volume. 

Lee et al. (1994) report that intraday volume is abnormally high but decreasing during 

the first post-takeover announcement day. The abnormal volume persists for several days. 

Smith et al. (1997) focus on the first trading day following a takeover announcement. 

They find that post-announcement volume is significantly higher where there is a 

large post-announcement price change and the takeover offer is contested. The post

announcement intraday volume is abnormally high although decreasing throughout the 

first five hours after the reopening of trading. This confirms the evidence of Jennings 

(1994) who examines the first five trades after the announcement and finds high trading 

volume just after the announcement.

Hutson (2000) finds that trading volume in Australian targets tends to decline as the 

conclusion of the bid approaches and explains this by a reduction in the dispersion 

of traders opinions. If the dispersion in traders beliefs drives speculative trading, the 

decrease observed in trading volume may be explained by a decrease in information 

asymmetry as the bid progresses. Vandelanoite (2002) find tha t trading volume on 

the announcement day increased and the increase is more pronounced for cash offers 

than for share-exchange off’ers. A decrease in the trading activity is observed thereafter 

lasting six days showing a progressive return to a normal level of activity. Hutson 

(2007) examines cross-sectional summary statistics for trading volumes of US targets. A 

dramatic spike in average trading volume is observed on announcement day and gradually 

falls back to a similar level as observed pre-announcement by approximately 20 days after 

announcement. After this, however, trading volumes settle to a level tha t appears to be 

lower than pre-bid volumes. The median volumes traded follow a similar pattern as the 

mean. As the mean is heavily right skewed, the median is the summary statistic of choice 

for the remainder of the analysis. The sample of volumes is divided into sub-samples by 

outcome (success or failure), consideration (cash or non-cash) and management attitude 

to the bid (friendly or hostile). Approximately 20 days after announcement, in successful, 

friendly and cash sub-samples, trading volume follows price volatility downward. For 

targets of failed, hostile and non-cash bids, volume either stays the same or increases 

after the takeover announcement. Hmaied (2007) finds that trading volume is highest on 

announcement day and tends to decrease from the day following the announcement and
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slowly declines to pre-bid levels. Trading volume is found to be significantly higher post

announcement when compared with trading volume pre-announcement for cash bids. No 

significant change in trading volume is found for share-exchange bids.

2.17 Trading volum e and volatility

The theoretical hterature proposed two, mainly complementary, hypotheses explaining 

the positive relation between trading volume and volatility: the mixture of distributions 

models (Clark (1973), Epps and Epps (1976),Tauchen and P itts (1983))) and diff'erences 

in opinion models (Shalen (1993), Harris and Raviv (1993)).

2.17.1 M D H  and th e  vo lu m e-vo la tility  relationsh ip  in takeovers

Jones et al. (1994) designate the average transaction volume and the number of 

transactions as mixing variables and show that the positive volatility-volume relation 

reflects the positive relation between volatility and the number of transactions. Most 

empirical work on corporate takeovers has examined the effect of takeover announcements 

on trading volume and volatility, separately.

Hutson and Kearney (2001) provide a new setting for the MDH to explain the volume- 

volatility relationship for takeover targets using a variance components model (a la 

Tauchen and Pitts, (1983)), in which changes in trader’s reservation prices result from 

informational events that are either common to all traders or specific to individual 

traders. They interpret the bid price as the common informational component and the 

likelihood of success of the bid as the specific informational component. The model used 

predicts that for targets of takeover bids tha t are ultimately successful, the dispersion in 

traders’ beliefs about the value of the stock will diminish during the course of the bid, 

and the conditional price volatility will consequently decline.

Hutson and Kearney (2001) interpret the decreasing conditional volatility in the period 

after the bid announcement as a reduction of the convergence of trader’s opinions 

regarding the value of a target stock. They use the model of Brown and Raymond 

(1983) and Samuelson and Rosenthal (1986) but allow the bid price to be time varying 

to encompass non-cash bids and the possibility of bid price revisions. The model assumes
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th a t given a bid price, p j, the price of a target stock on any given day during the bid 

period, pt, is determ ined by the m arket’s assessment of the probabihty of success of the 

bid, 7Tt, and by the price to  which the price is expected to revert to if the bid fails, p{

Pt = ^tp \  +  (1 -  . (2.37)

The bid price will be constant for a cash bid. For an ultim ately successful bid, during 

the bid period, traders will revise their estim ated likelihood of success, nt, in an upward 

direction. As the conclusion of the bid draws closer, irt, will tend towards unity  as 

convergence in opinion’s of traders occurs. The term , (1 — ■nt)Pt tends to zero and the 

target share price converges to the bid price, p\.

Given the bid price, the value of target stocks is determ ined largely by the likelihood 

of success of the bid. The price volatility depends on the dispersion of traders opinions 

about the likelihood of success of the bid. Convergence of opinion is likely with targets 

of ultim ately successful bids so a reduction in volatility is predicted. For targets of 

ultim ately failed bids, the variable ttj does not converge to unity and p [  plays a larger 

role in the price determ ination process. Hutson and Kearney (2001) argue th a t there 

will be a reduction in price volatility but this will not be as great as for targets of 

successful bids. The result is most dram atic for targets of ultim ately successful bids, as 

the probability of success converges to unity a t the end of the bid period, and diversity 

of investor opinion collapses. For targets of successful share-exchange bids, however, the 

reduction in volatility is not as dram atic because the bid price varies with the bidder’s 

share price.

Findings in the reduction of volatility are largely consistent with the prediction of the 

MDH applied to target stocks. W hen a stock becomes a takeover target, there is a shift 

in the pricing regime to one where the most im portant determ inant, given a certain bid 

price, is the likehhood of success of the bid. The MDH implies th a t price volatihty is 

positively related to the divergence of investor opinion regarding stock value. W ith target 

stocks, the reduction in volatility after the announcem ent of a takeover is consistent 

with the convergence of investors opinion regarding value. Hutson (2007) explain’s 

the dram atic reduction in post-announcem ent volatility by the probability of success 

converging to unity toward the end of the bid period as diversity of investors opinion 

regarding the outcome of the bid collapses.
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The similarity between equation 2.37 and the MDH as applied to target stocks can be 

seen by noting th a t the bid price, p\ , is comparable to the informational component, 

(f)t in equation 2.5, and the likelihood of success, ttj, is the average of the trader specific 

inform ational component, (/?].

H utson and Kearney (2001) outline four predictions based on their model and the 

application of the MDH to takeovers. Firstly, if the application of the MDH is vahd for 

the m arket for corporate control, volume should be a positive and significant determ inant 

of th e  price volatility of target stocks. Secondly, the conditional price volatility of targets 

of successful bids should be significantly lower th an  their pre-bid volatility. Thirdly, the 

conditional price volatility of targets of failed bids should decline by less than  th a t of 

successful bids. Finally, the reduction in price volatility should be greatest for targets of 

cash bids, followed by mixed bids and finally share-exchange bids.

These predictions are examined empirically using daily A ustralian da ta  for 112 of the 

largest takeover targets in A ustralia during the period from 1985 to 1993. The conditional 

price volatility declines after the takeover announcem ent. This decline is greatest for 

targets of cash bids and smallest for targets of share-exchange bids. They argue th a t the 

phenomenon is due to convergence of trader opinion regarding the value of the target 

stock, and reflects a change in the price form ation process.

Hutson and Kearney (2001) find th a t volumes are positively related to price volatility. 

Volume is most likely to affect volatility contem poraneously and th a t relation does not 

depend on either the outcome of the bid of the m ethod of payment. Generally, volume is 

positively and significantly related to volatihty of the target price. This relationship holds 

for 74% of the targets at the 10% level of significance. This finding is consistent with 

other studies of the price volatility-volume relation and lends support to the application 

of the  MDH to target stocks.

H utson (2007) uses daily US d a ta  for 154 tender offers during the period of January  1995 

to December 1998 to examine daily price volatility around a takeover announcement 

and find tha t conditional price volatihty declines over the bid-period. This decline in 

conditional volatihty is greater for successful bids th an  for failed bids, greater for cash 

bids th an  for non-cash bids and greater for friendly bid than  hostile bids. These findings 

lends support Hutson and Kearney (2001)’s application of the MDH to takeovers.
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Hmaied (2007) finds support for the MDH as applied to takeover deals by finding a 

positive relationship between volume and volatility both in the pre-announcement and 

post-announcement periods. This relationship is stable for share exchange offers but 

changes for cash offers from pre-announcement to post-announcement. For cash offers, 

weak evidence of a significant positive relationship in volume and volatility is found. The 

affect of volume on conditional volatility is lower after a takeover announcement than 

before. The post-announcement volume-volatility relationship is significantly different 

for cash bids and share exchange bids. A takeover announcement is found to affect 

volume and volatility in different ways. Trading volume after announcement is at a 

significantly high level for cash offers and declines after the announcement. However, 

a slight decrease is found in post announcement conditional volatility. The information 

revealed in an announcement of a takeover leads to different levels of volatility and 

volume depending on how traders interpret the information.

2.18 Factors affecting the volatility  of returns

The consideration structure offered by the bidder is an important factor that affects the 

extent to which the price volatility of a target stock changes post-announcement. As 

explained by Hutson and Kearney (2001), if the consideration offered is cash, one of 

the three variables p\ in equation 2.37 becomes a constant. As the bid approaches the 

conclusion and tt̂  tends to unity, the target share price converges to the fixed bid price. 

Targets of ultimately successful cash bids should therefore exhibit the lowest volatility 

during bid period. If the method of payment comprises of bidder firm stock, any volatility 

in the price of the bidder firms stock will reflect itself in the target firm shares. For share 

exchange bids, is a variable equal to the bidder’s share price, multiplied by the 

exchange ratio. In a share exchange, the offer price varies with the bidder’s share price 

and results in a smaller reduction in the target’s price volatility than in a cash only bid. 

For a mixed bid, the reduction in the targets price volatility should lie between these 

two.
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2.19 Overview and sum m ary of target stocks price dynam 

ics

The affect of an announcement of a takeover can be directly observed in the target stocks 

price dynamics and the hterature has several consistent findings. Target shareholders 

earn substantial excess returns around takeover announcements (Andrade et al., 2001; 

Bruner, 2003). Volatility of returns increases immediately after announcement (Levy and 

Yoder, 1993; Lee et al., 1994; Smith et al., 1997). Unconditional volatihty decreases in 

the period after the bid announcement (Bhagat et al., 1987; Hutson and Kearney, 2001; 

Hutson, 2007). Conditional volatility decreases in the period after the bid announcement 

(Hutson and Kearney, 2001; Hutson, 2007; Gelman and Wilfling, 2009). There are two 

distinct volatility regimes, a high volatility and a low volatility regime (Gelman and 

Wilfling, 2009). Volume of traded shares increases immediately after announcement and 

declines over the days preceding the announcement (Lee et al., 1994; Smith et al., 1997; 

Hutson, 2007). Trading volumes decline towards the end of the bid period below the 

pre-announcement level (Bhagat et al., 1987; Hutson and Kearney, 2001; Hutson, 2007). 

A positive volume-volatility correlation pre and post announcement is found (Hutson 

and Kearney, 2001). The post-announcement reduction in volatility is greatest for cash 

offers and smallest for share exchange offers (Hutson and Kearney, 2001).

2.20 Sum m ary and conclusions

The volume-volatility relationship is the focal point of this thesis. The mixture of 

distributions hypothesis provides a theoretical explanation for the observed positive 

relationship between volume and volatility at the firm level. The standard MDH assumes 

that information arrivals singularly drive the positive volume-volatility relationship and 

the rate of information is a latent variable. The generalised MDH includes an additional 

latent variable, trader’s sensitivity to news. Text-based analysis extracts qualitative 

information from sources such as corporate disclosures, news articles and internet blogs. 

This information can be used to construct a quantitative variable and examine the affect 

of this on prices, market activities and the evolution of news to the market. Various 

methods of extracting sentiment and various constructed measurement of sentiment have 

been explored in the previous literature. The implications of the MDH for sentiment
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and text-based analysis and relationship between GARCH effects and sentiment remains 

unexplored. The final setting for examination of the MDH in this thesis is provided by 

the market for corporate control. The affect of this unanticipated news on the volume- 

volatility relationship and the applicability of the MDH to corporate takeovers has 

received relatively little attention in prior studies. The effect of a takeover on persistence 

remains unknown and unexplored in a GARCH framework.



Chapter

Methodology

3.1 Introduction

A wide range of m ethods are available for modelling conditional and unconditional 

volatility. Poon and Granger (2003) review over 90 papers th a t study forecasting 

performance of various volatility models including historical volatility, GARCH, option 

implied standard  deviation and stochastic volatility models and note th a t several times 

th a t num ber have been w ritten on the subject of volatility modelling w ithout the 

forecasting aspect. No one m ethod is consistently favoured over another. Performance 

varies for different da ta  frequencies, datasets, sample size, tim e period etc. The focus 

of this thesis is to model and understand relationships rather than to find the most 

appropriate and best fitting model for this particular dataset. GARCH provides a 

suitable, flexible and easily explained model for understanding the features found in the 

data. They are intuitive, very tractable and easy to estim ate. They capture reasonably 

well the most im portant stylized facts of volatility, such as volatility clustering and 

leptokurtosis. A lternative models may also provide a suitable framework for examining 

these relationships and may or may not lead to the same qualitative findings.

This chapter contains a review of the methodologies used in this thesis. It begins with 

a summary of the characteristics of financial returns and an overview of the ARCH 

methodology including estim ation techniques and algorithm s used. It concludes with a 

review of information pooling techniques and briefly discusses alternative m ethods for 

estim ating volatility. Bollerslev (2007) lists over 120 proposed variations and extensions

57
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to the basic ARCH model. Only the m ost frequently cited models and the most relevant 

to this analysis are discussed in this chapter.

3.2 Selecting an appropriate model

Engle (1991) states th a t financial m arket volatility is predictable. The Autoregressive 

Conditional Heteroskedastic (ARCH) model was first introduced by Engle (1982) to 

model and forecast volatility. The roots of the ARCH model stem back beyond 1982. 

M andelbrot (1963) observed th a t unconditional distributions of asset prices have thick 

tails, variances th a t change over tim e and large (small) changes tend to be followed 

by large (small) changes of either sign. These are referred to as stylized facts of many 

economic and financial variables. Bera and Higgins (1995) describe Engle’s (1982) ARCH 

model as the first formal model which seemed to capture these stylized facts. The basic 

ARCH model was not however, able to capture all observed phenomena displayed by 

the data. It did not capture the leverage effect, excess kurtosis and the high degree of 

nonlinearity. Various extensions and generalisations to the basic ARCH model have since 

been introduced which aim to capture these phenomena.

In order to select an appropriate ARCH model, a good understanding of the empirical 

regularities th a t the model is designed to capture is required, (Bollerslev et al., 1994). 

Some im portant regularities for equity returns volatility are described by Bollerslev et al. 

(1994) and are briefly outlined below.

3.2.1 N on-norm ality o f returns

There is a tendency for equity returns to have distributions th a t are leptokurtic, i.e. 

exhibit fat tails and excess peakedness a t the mean and the hypothesis of a normal 

distribution is rejected. The relation between the conditional density of returns and the 

unconditional density partially  reveals the source of heavy tails. Engle and P a tto n  (2001) 

s ta te  th a t if the conditional density is Gaussian, then the unconditional density will have 

excess kurtosis due to simply the m ixture of Gaussian densities with different volatilities. 

There is no reason to assume th a t the conditional density itself is Gaussian, and many 

volatility models assume th a t the conditional density is itself fat tailed, generating still 

greater kurtosis in the unconditional density.
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3.2.2 V olatility is mean reverting

VolatiHty clustering implies th a t volatihty rises and falls. As explained by Engle and 

P a tto n  (2001), mean reversion in volatihty can be interpreted as the existence of a 

normal level of volatility to which volatility will eventually return . Long run forecasts of 

volatihty should all converge to this same level of volatility. W hile mean reversion is an 

accepted characteristic of volatility, opinions differ on the normal level of volatility and 

whether it is constant over all tim e and institu tional changes. This implies th a t volatility 

shocks today will influence the expectation of volatility many periods in the future.

3.2.3 V olatility clustering

M andelbrot (1963) observed th a t unconditional distributions of equity prices have thick 

tails, variances th a t change over time and large (small) changes tend to be followed by 

large (small) changes of either sign. Volatility in financial m arkets tends to appear in 

bunches.

3.2.4 Leverage effect

The leverage effect was first documented by Black (1976). Changes in stock prices tend 

to be negatively correlated with changes in stock volatility. Volatility is expected to rise 

more following a large price fall than  following a price rise of the same m agnitude.

3.2.5 N on-trading periods

Bollerslev et al. (1994) explain how information th a t accum ulates when financial m arkets 

are closed will be reflected in prices when the m arket reopens. If, for example, information 

accumulates at a constant rate  over calendar tim e, then the variance of returns over the 

period from Friday close to the Monday close should be three times the variance from the 

Monday close to  the Tuesday close. Fam a (1965) and French and Roll (1986) found th a t 

information accumulates slower when m arkets are closed than  when they are open and 

volatility is caused by public information which is more hkely to arrive during normal 

business hours. This pa ttern  was documented by Harris (1986), Gerity and Mulherin 

(1992) and Baillie and Bollerslev (1991). Variances are higher following weekends and
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hohdays than  on other days, bu t not by as much as would be expected if the news arrival 

ra te  were constant.

3.2.6 Forecastable events

Forecastable releases of im portan t information are associated with ex ante volatility. 

Typically volatility is higher a t open and close of m arkets than  during the middle of the 

day. Bollerslev et al. (1994) explain th a t volatility a t the open partly  reflects accum ulated 

information while the m arkets were closed but a volatility surge a t the close is less easily 

explained. Gerity and M ulherin (1992) find th a t trading volume a t one day’s closing hour 

and the following day’s opening hour are both  related to expected overnight volatility 

and suggest th a t this is consistent with the argum ent th a t much of the clustering of 

trading around the open and the close is due to the desire of investors to exchange the 

exposure to price changes when the m arket is closed. Stock returns are higher around the 

tim e of earnings announcements, (Patell and Wolfson, 1981). Foreign exchange volatility 

is higher during periods of heavy trading by the central bank or when macroeconomic 

news is being released, (Harvey and Huang, 1992).

3.2.7 Volatility and serial correlation

LeBaron (1992) finds a strong inverse relationship between volatility and serial correlation 

for U.S. stock indices and these findings appear to be robust to  the choice of sample 

period, m arket index, m easurem ent interval and volatility measure, (Bollerslev et al., 

1994). Kim (1989) documents a similar relationship for foreign exchange data.

3.2.8 Co-movem ents in volatilities

Volatilities th a t move together could be explained by common underlying factors in 

the conditional variances and covariances of returns (Bollerslev et al., 1994). Black 

(1976) observed th a t there is a lot of commonality in volatility changes across stocks 

and concludes th a t in general when stock volatilities change, they tend to change in the 

same direction. Diebold and Nerlove (1989) and Harvey et al. (1992) suggest th a t a few 

common factors exist th a t explain exchange ra te  volatility movements. Schwert (1989)
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finds th a t U.S. stock and bond volatihties move together. Engle and Susmel (1993) show 

close links between volatility changes across international stock markets.

3.2.9 M acroeconom ic variables and volatility

Stock prices are closely tied to the current sta te  of the economy. Measures of 

macroeconomic uncertainty would be expected to explain changes in stock m arket 

volatihty (Bollerslev et al., 1994). Glosten et al. (1993) show a strong positive relationship 

between stock return  volatility and interest rates.

3.3 The ARCH model

Engle (1982) focused on a macroeconomics issue in the UK. He examined if the variance 

of inflation was greater in some periods than  in others. In order to do so, he introduced 

the ARCH model. These are mean zero, serially uncorrelated processes with nonconstant 

variances conditional on the past, but constant unconditional variances, (Engle, 1982). 

The dependent variable, yt, is expressed in term s ijjt, the information set available at 

tim e t and ht is the conditional variance. Using conditional densities,

(3.1)
yt . \rpt - i  ~  N { x t l 3 , h t )

€t = v t -  xt(3

The conditional variance function can be expressed as

ht =  ao + Y ^  (3.2)
i = l

or more generally as

ht = h { y t - i , y t - 2 , - , y t - p , a )  (3.3)

where q is the order of the ARCH process and a  is a vector of unknown param eters. The

log likelihood function can be given as

L  =  (3.4)
t = i  t = i
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Engle (1982) derived procedures for maximising the likelihood function. As a  and j3 are 

proven to be asym ptotically independent, the likelihood can be maximised separately. 

The ARCH model has a variety of characteristics th a t make it a ttractive for economic 

applications. ARCH models can be used to  try  to determ ine if recent information has a 

greater im pact on volatility than  older information and how fast the information decays. 

They can be used to determine if volatihty appears to be equally sensitive to positive and 

negative moves in the m arket or not. Forecasts can be made over long or short periods. 

The conditional variance, ht, m ust always be strictly positive and hence is subject to the 

following non-negativity constraints:

do > 0

ttj >  0, f o r  i =

W ithout any restrictions on a, the conditional variance could be negative if a single 

residual was large enough. If the a  param eters were too large, the process will have 

infinite variance eventually, so the param eters are restricted to lie in the stable region. 

They m ust meet the condition th a t the difference equation

Zf_ =  a iZ f - i  +  • • ■ +  apZt-p (3-5)

is stable. This means th a t Qj <  1. The order of the lag q determines the length 

of time for which a shock will persist. The larger the value of q, the longer the episodes 

of volatility will tend to be. Episodes of volatility are characterized by the clustering of 

large shocks to the dependent variable. A large shock results in a large deviation in yt 

from its mean which is equivalent to a large value of e*. Since the variance of the current 

error term  is a lagged function of the lagged error term s, large errors tend to  be followed 

by large error term s and similarly small error term s are followed by small error terms. 

Engle (1983) states th a t the strength of the ARCH technique is th a t the conditional 

means and variances can be estim ated jointly using conventionally specified models for 

economic variables. He also describes th a t if the model is misspecified, the conditional 

variance estim ates will be biased and this is the main weakness of the model. Therefore, 

carrying out various specification tests is of param ount im portance.

The ARCH m ethod used by Engle (1982) allows for a conventional regression specification 

of the mean. The variance is perm itted to change stochastically over the sample period.
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He used the Lagrange m ultipher (LM) test for the ARCH effect. Engle found the first- 

order ARCH effect was not significant bu t the fourth-order ARCH effect was highly 

significant. In order to reduce the num ber of estim ated param eters, subject to inequality 

restrictions, in the conditional variance function, he employed a linearly declining set of 

weights. The variance function was specified as

where the weights are given by

and — 1- This two-param eter variance function was chosen because it

was suspected th a t the nonnegativity constraints would be difficult to satisfy in an 

im restricted model. The residuals of the ARCH model with linearly declining weights and 

an ordinary least squares model were examined to  determ ine which model was superior. 

The expected num ber of residuals exceeding two standard  deviations is 3.5. The Arch 

model produced 3 and the ordinary least squares had 5. These occur within three years 

of each other for the least squares model with three in the same year. There were 19 

least squares and 22 ARCH residuals exceeding one standard  deviation, both above the 

expected value of 21. The tim ing of the occurrence of the least squares are reported to 

being far from random. Engle (1982) concluded th a t the ARCH model comes closer to 

tru ly  random  residuals after standardizing for their conditional distributions. The ARCH 

model provides a more plausible and realistic forecast for the variance of UK inflation.

Engle (1983) used the ARCH model to estim ate the conditional mean and variance of 

inflation from U.S. tim e series date from 1947 to 1979. In this instance, an eighth order 

ARCH model with linearly declining weights was required to estim ate the conditional 

variance function.

ARCH models have provided the basis for modelling volatility but are rarely used 

themselves as they have two m ajor lim itations. Firstly, a large value of q is often required 

in the conditional variance function. Therefore a large num ber of param eters subject to 

inequality restrictions would need to be estim ated. Following the principle of parsimony, 

the simplest model with fewest param eters is preferred as it is more easily understood and 

also if the information in the da ta  is concentrated on the estim ation of fewer param eters.

g
(3.6)
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the precision of the estim ation of these param eters tends to be greater than  for a more 

complex model. Secondly, when the param eters in the conditional variance function are 

estim ated, it is possible th a t the non-negativity constraints may be violated. The greater 

the num ber of estim ated param eters, the more likely it is th a t one or more of then will 

have negative estimates.

3.4 Testing for ARCH  effects

In order to determ ine if ARCH effects are present in the residuals of an estim ated model, 

Brooks (2002) outlines the procedure for testing the null hypothesis as proposed by Engle 

(1982).

H q \ a i  =  ■ ■ ■ =  ap =  Q

Engle (1982) states th a t because the model is simply estim ated by ordinary least squares 

under the null, a hypothesis test based upon the Lagrange m ultiplier principle is very 

simple and retains all the asym ptotic properties of likelihood ratio  tests. Firstly, run the 

ordinary least squares regression in equation yt — x/3 + et and save the residuals. Regress 

the squared residuals on an intercept and p lags, i.e run the regression

=  1 0 +  7 l£ f-l +  l2 ^ t -2  +  • • • +  'Iq^t-q +  (3.8)

where Ut is the error term . O btain from this regression. The test statistic  T R “̂ is 

d istributed as xfq)^ where T  is the num ber of observations. This will be an asym ptotically 

locally most powerful test.

3.5 The G ARCH  M odel

The Generalised ARCH (GARCH) was introduced by Bollerslev (1986). The GARCH 

model overcomes some of the lim itations of the ARCH model and is widely employed in 

practice. The GARCH model allows the conditional variance to be dependent on its own
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lags and lags of the squared error terms. The GARCH(p,q) model can be w ritten as

where p >  0 and g >  0. For p =  0 the process reduces to the ARCH(q) process, and for 

p =  q =  0, ft is simply white noise. The conditional variance, ht can be interpreted as 

a weighted function of a long-term average value (dependent on ao), information about 

volatility during previous periods and the fitted variance from the model in

previous periods {Piht-i). The model is subject to  non-negativity constraints:

to ensure the variance is strictly positive. Nelson and Cao (1992) dem onstrated th a t 

weaker sufficient conditions can be found which do not require th a t all these inequalities 

hold in order for conditional variance to be positive and violation of these inequalities 

does not necessarily mean tha t the conditional variance is misspecified. The GARCH 

model is preferred over the ARCH model as it is more parsimonious and less likely to 

breach non-negativity constraints.

In empirical applications of the ARCH model a relatively long lag structure in the 

conditional variance equation is often required. Engle (1983) and Weiss (1984) used 

a fixed lag structure. Engle (1983) applied the ARCH model to inflation rates and 

recognised th a t the uncertainty of inflation changes over time. Weiss (1984) modelled 

th irteen different US macroeconomic time-series with the ARCH model. This typically 

involved the introduction of a set of hnear declining weights in the conditional variance 

function to avoid using a large number of lags as this often leads to the violation of 

the non-negativity constraints. Bollerslev (1986) introduced a more general class of the 

ARCH model which allows for more flexibihty in the  lag structure. The extension of 

ARCH to GARCH is similar to the extension of an AR process to an ARMA process. 

The GARCH model is often more parsimonious than  the ARCH model, thus making 

it more desirable. Bollerslev (1986) apphes his generalised ARCH model to the same 

d a ta  as used by Engle and Kraft (1983) where they model the rate  of growth in the 

implicit GNP deflator in the US explained by its own past. The Lagrange multiplier

(3.9)

Qo >  0

Qi > 0, f o r i  = l , . . . , q

A >  0, f o r i  = l , . . . .p
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test for A R C H (l), ARCH(4) and ARCH(8) were all significant. Engle and Kraft (1983) 

fitted an eighth-order linear declining lag structure  which requires the  estim ation of two 

param eters. Bollerslev fitted a  GARCH(1,1) and concluded th a t this model provides 

a slightly better fit than  the ARCH(8) model in Engle and K raft (1983), and it also 

exhibits a more reasonable lag structure.

The GARCH model has three m ain lim itations. Firstly, it is restricted by non-negativity 

constraints, however they are less restrictive than  those imposed on the ARCH model. 

To overcome this restriction, artificial constraints may be imposed on the model to force 

non-negativity. Secondly, GARCH models cannot account for leverage effects, although 

they can account for leptokurtosis and volatility clustering. Finally, the GARCH model 

does not allow for direct feedback between the conditional variance and the conditional 

mean.

Since the introduction of the GARCH model, many extensions and variations of the 

model have been proposed. Many of these extensions aim to overcome some of the 

lim itations of the GARCH model such as those m entioned above. Nelson and Cao (1992) 

dem onstrated th a t weaker sufficient conditions can be found which do not require tha t 

all these inequalities hold in order for conditional variance to be positive and violation of 

these inequalities does not necessarily mean th a t the conditional variance is misspecified.

Component GARCH (CGARCH) models were proposed by Ding and Granger (1996) 

and Engle and Lee (1999). The CGARCH models have the ability to capture the  long 

range dependence in volatility. A variant of the model in Engle and Lee (1999), allows N 

separate components to contribute to the conditional variance. Each component allows 

the variance innovations to  decay at a different rate. In the case of the two-component 

GARCH (CGARCH(2)) model, one component captures the long-run movements in 

volatility while the second component accounts for the noisier short-run movements. 

Each component reacts to  the most recent innovation in a different way and with a 

different rate  of decay associated with lagged variance innovations.

Babsiri and Zakoian (2001) introduced the concept of contem poraneous asym m etry in 

GARCH models. Not only do the signs of past shocks affect the current volatihty, but 

also, the im pact depends on whether the current excess return  is lower or higher than 

expected.
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3.5.1 M easuring and testing the impact o f news on volatility

Engle and Ng (1993) define the news im pact curve which measures how new information 

is incorporated into volatility estimates. They analyze the affect of news on conditional 

heteroskedasticity by comparing the GARCH(1,1) model and the EGARCH(1,1). The 

news impact curve is defined as the implied relationship between e t- i  and ht, when 

the information from tim e period t-2 and beyond is held constant and all the lagged 

conditional variances are evaluated at the level of the unconditional variance of the stock 

return. The news im pact curve measures how new information is incorporated into 

volatility estimates.

The news im pact curve introduced by Pagan and Schwert (1990) gives a graphical 

representation of the degree of asym m etry of volatility to positive and negative shocks. 

Given an estim ated model, the news impact curve plots the next period volatility {ht) 

th a t would arise from various positive and negative values of Successive values of 

are used in the equation to determine the corresponding values of hf, as derived 

from the model.

For example, the news im pact curve for a GARCH model will be symmetric about zero. 

Therefore a shock of a given m agnitude will have the same impact on the conditional 

variance regardless of the  sign. In an asymm etric model, a negative shock will have 

greater impact on the fu ture volatility than  a positive shock of the same m agnitude.

Engle et al. (1987) report th a t if a negative return  shock causes more volatility than  a 

positive return  shock of the same size, the GARCH model under predicts the am ount of 

volatility following bad news and over predicts the am ount of volatility following good 

news. Also, if large re tu rn  shocks cause more volatility than  a quadratic function allows, 

then the standard  GARCH model under predicts volatility after a large return  shock and 

over predicts volatility after a small return  shock. These observations resulted in Engle 

and Ng (1993) suggesting three new diagnostic tests for volatility models: the Sign Bias 

Test, the Negative Size Bias Test, and the Positive Size Bias Test. These tests examine 

if squared normalized residual can be predicted by some variables observed in the past 

which are not included in the volatihty model being used and are explained below as 

given in Brooks (2002). If these variables can predict the squared normalized residual, 

then the variance model is misspecified.
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For the sign bias test, let denote a dummy variable th a t takes the value 1 if < 0 

and zero otherwise. The test examines the im pact of positive and negative return  shocks 

on volatihty not predicted by the model under consideration. The test for sign bias is 

based on the significance of b in

if  = a + bS^_i + Vt (3.10)

where vt is an iid error term . The term  b will be significant if positive and negative shocks 

to im pact differently upon the conditional variance. It focuses on the different affects 

th a t large and small negative return  shocks have on volatility which are not predicted 

by the volatihty model.

The negative sign bias utihses the variable This test focuses on the different

im pact th a t large and small positive return  shocks may have on volatility, which are not 

explained by the volatility model. Since bad news might have a very different im pact 

on volatility than  good news, it is critical to  distinguish between positive and negative 

return  shocks while examining the effects of the m agnitude of a piece of news.

If b is significant in the regression

€( =  a +  +  vt (3.11)

negative sign bias is present.

The positive sign bias test is conducted in a similar m anner but using the regression

=  a +  bS^_-j^6t-i +  Vt (3.12)

where is equal to 1 - The tests are defined as the t-ratio  of the coefficients of 

b in the above equations.

Engle and Ng (1993) also proposed a joint test for sign and size bias based on the 

regression

=  a +  H- +  vt (3.13)

If 6i is significant, sign bias is present. If this is the case, positive and negative shocks 

have differing im pacts upon future volatility, compared with the sym m etric response in
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the standard  GARCH model. If 6 2  or 6 3  are significant, size bias is present. The sign 

and m agnitude of the shock are im portant. The t-ratios for bi, 6 2  and 6 3  are the sign 

bias, the negative size bias, and the positive size bias test statistics, respectively. A joint 

test sta tistic  can be found by calculating T which will be distributed as under the 

null hypothesis of no asymmetry.

3.6 A R C H -in-m ean

If an asset is deemed to be riskier, then a higher rate  of return  would be expected. If 

the conditional variance increases, then an increase in the conditional mean would also 

be expected. Engle et al. (1987) proposed the ARCH-in-mean, (ARCH-M) model for 

estim ating time-varying risk premium in the presence of tim e varying variances. The 

conditional mean is an explicit function of the conditional variance of the process. The 

ARCH-M model is an extension to the ARCH model which allows the standard  deviation 

of each observation to affect the mean of th a t observation. The risk premium is the 

increase in the expected rate  of return  due to an increase in the variance of the return. 

Engle et al. (1987) sta te  th a t the ARCH-M model “resolves many empirical paradoxes 

in the term  structu re”. Variables which were significant for forecasting excess returns 

are correlated with the risk prem ia and become insignificant when a function of the 

conditional variance is included as a regressor. Also, heteroscedasticity of error terms 

resulted in biased test statistics, leading to false findings of significant variables.

Engle et al. (1987) conclude th a t risk prem ia are not tim e invariant, they vary 

system atically with the perception of underlying uncertainty. The ARCH-M model 

provided a framework for modelling tim e varying risk prem ia and inspired future 

extensions to the existing model. The GARCH-M model is more commonly utilised 

than  the ARCH-M model. An example of the specification of a GARCH(1,1)-M model 

is

yt = lL +  8 ^ / } ^ Z l + € t  (3.14)

hf =  OiQ +  -|- P h t - i  (3.15)

W hen S is significant and positive, the increased risk, given by an increase in conditional 

variance, leads to a rise in the mean return. The (5 term  represents the risk premium.
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Song et al. (1998) used a GARCH-M to analyse the relationship between returns and 

volatility for two Chinese stock m arkets and found a volatihty spillover effect between 

the two markets. Jochum (1999) found th a t the volatihty of the Swiss m arket is strongly 

exposed to spillovers from the other m ajor financial m arkets when a GARCH-M model 

is employed. Tsouma (2007) investigated stock return  dynamics in 21 m ature and 20 

emerging stock m arkets by an extended AR(1)-GARCH-M  model to  analyse the role of 

the leading, US and Japanese, stock m arkets by means of potential price and volatility 

transmission mechanisms, as well as the im pact of the October 1997 East Asian financial 

crisis, through potential structural breaks in mean and variance.

3.7 The exponential G ARCH

The standard GARCH model captures thick tailed returns, volatility clustering and can 

be modified to capture other stylised facts bu t it is not suitable to capture the leverage 

effect. This is due to the conditional variance in the GARCH model only being a function 

of the m agnitudes of lagged residuals and not their signs. The EGARCH model allows 

the conditional variance to depend on both  the size and sign of lagged residuals. Nelson 

(1991) proposed the exponential GARCH or EGARCH. The conditional variance may 

be expressed as

kt-
7T

(3.16)

The model ensures th a t the conditional variance will always be positive even if param eter 

estim ates are negative. The model is not subject to non-negativity constraints. The 

use of the logarithm  means th a t param eters can be negative and the variance will 

always be positive. The EGARCH model captures both  the sign and m agnitude of 

the previous error term s. The P term  in the model captures what affect the previous 

variance term s have on the present conditional variance. The 7  term  captures the sign 

of the lagged error term . Under the EGARCH model, asymmetries are allowed. If 

there is a negative relationship between returns and volatility, 7  will be negative. The 

absolute value of standardized error t e r m s , h a v e  expected value assuming 

th a t the standardised error term s are d istributed as a N(0,1). A value of the absolute 

standardized error greater than  its expected value, will increase the conditional variance.
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If the standardized error is less than  its expected value, it will decrease the conditional 

variance. Hence, the forth term  in the model captures the m agnitude of the lagged error 

terms.

Nelson (1991) used this model to examine issues such as the relation between the level 

of m arket risk and required return, asym m etry between positive and negative returns 

and their affect on the conditional variance, the persistence of shocks to volatility, thick 

tailed conditional distributions of returns and the  contribution of nontrading days to 

returns. The original EG ARCH formulation used by Nelson assumed a generalised error 

distribution (GED) for the error terms. The GED has only one param eter to control the 

shape of the distribution. The GED encompasses distributions th a t have both  thinner 

and thicker tails than  the normal distribution and the normal distribution is a special 

case of the GED. Nelson suggested th a t this “may well not be flexible enough”. A more 

flexible distribution may reduce the number of large values of the standardised errors 

observed by Nelson (1991). For a stock price index, he found evidence of non-normality 

in the conditional distribution but concluded th a t the tails of the estim ated GED were 

not sufficiently thick to accoimt for the num ber of outliers observed. It is more common 

to observe EGARCH model th a t employ conditionally normal errors in practice today.

3.8 Persistence in variance and the integrated GARCH

A class of GARCH model in which the m ulti-step forecasts of variance do not approach 

the unconditional variance was introduced by Engle and Bollerslev (1986) and is defined 

to be integrated in variance. The class of models is referred to as the Integrated GARCH 

or IGARCH. Consider the GARCH(p,q) model given in equation 3.9 where ao >  0 , 

a i > 0, and /3i >  0 for all i, and the polynomial

has d >  0 unit root(s) and max{p,q}-d root(s) outside the unit circle. Engle and 

Bollerslev (1986) describe this to be

Q p
(3.17)

i=l j= l

1. Integrated in variance of order d if ao =  0

2. Integrated in variance of order d with trend if qq >  0
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In order for the GARCH(p,q) to be integrated in variance the a , ’s and the Pi's m ust sum 

to one. Integrated GARCH models are said to be “persistent in variance” as the current 

information remains im portant for forecasts of the conditional variance for all horizons.

Given the IGARCH(1,1) model

ht+i — +  (1 — a )h t  (3.18)

where 0 <  a  <  1, it follows th a t

Et[ht+s) =  ^ t + i

The conditional variance one step ahead is the same as the conditional variance s 

steps ahead. Information today is im portant forever and shocks to the system will be 

perm anent. Engle and Bollerslev (1986) sta te  th a t empirical plausibility of integrated 

GARCH models has already been established by the findings in Engle et al. (1987) 

and Bollerslev et al. (1988) th a t ARCH and GARCH models for interest rates typically 

exhibit param eters which are not in the stationary  region. The concept of persistence in 

variance is considerably more complex than  the corresponding concept of persistence in 

mean for linear models. This is because even strictly stationary  ARCH models frequently 

do not possess finite moments. Bollerslev and Engle (1993) extended the IGARCH to 

the m ultivariate case. If several different variables share the same common long-run 

component they are defined to be co-persistent in variance. A set of IGARCH univariate 

processes are co-persistent if there is a linear combination of the processes th a t is not 

integrated in variance.

Lamoureux and Lastrapes (1990a) argue th a t the IGARCH lacks theoretical motivation 

and suggest th a t the apparent appearance of high persistence in variance in daily returns 

d a ta  is due to time-varying GARCH param eters. The application of GARCH to  stock 

re tu rn  d a ta  will yield a high measure of persistence (close to an I-GARCH process) 

because of the presence of deterministic shifts in the unconditional variance. The model 

they proposed allows for deterministic , or structural, shifts in the unconditional variance. 

The m otivation behind this being th a t if such shifts are unaccounted for, GARCH 

estim ates of persistence in variance may be biased upwards. Lam oureux and Lastrapes 

(1990a) reports th a t a common finding when the GARCH model is applied to  high 

frequency (e.g., daily) price da ta  is th a t shocks to variance are strongly persistent. Chou
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(1988) showed th a t tem poral aggregation of d a ta  reduces the measured persistence in 

GARCH models. The drawback of the proposed model by Lamoureux and Lastrapes 

(1990a) is th a t difficulties may arise in determining the tim ing of structural shifts.

Baillie et al. (1996) introduced the fractionally integrated GARCH (FIGARCH) model 

to examine the possibility of persistent, and not necessarily perm anent, consequence of 

shocks on volatility. In contrast to the GARCH and IGARCH models, where shocks 

to the conditional variance either dissipate exponentially or persist indefinitely, the 

FIGARCH model allows the response of the conditional variance to past shocks to decay 

a t a slow hyperbolic rate. Ding and Granger (1996) showed th a t the autocorrelation 

function of an IGARCH(1,1) process decreases a t an exponential rate, ju st like th a t of a 

GARCH process. Consequently, neither of the two processes, GARCH and IGARCH, can 

take into account a slow, i.e., hyperbolic, decrease of the autocorrelations. Baillie et al. 

(1996) note th a t the affects of a shock on the conditional variance of FIGARCH(p,d,q) 

processes decrease at a hyperbolic rate  when 0 <  d <  1. The FIGARCH process models 

the volatility of a series by the means of strongly dependent processes. If d =  0, the 

FIGARCH(p,d,q) process reduces to a GARCH(p,q) process and if d = l ,  the FIGARCH 

process becomes an integrated GARCH process. The long-term dynamics of the volatility 

are taken into account by the fractional integration param eter d, and the short-term  

dynamics are modelled through the traditional GARCH param eters. The FIGARCH 

model avoids the sharp distinction between 1(0) and 1(1) processes by allowing d to take 

a value between 0 and 1. Therefore, the ACF (autocorrelation function) of the volatility 

process can possess a rate  of decay somewhere between the extremes of an exponential 

ra te  (1(0)) and infinite persistence (1(1)). Bollerslev and Mikkelsen (1996) extended this 

model to a fractionally integrated exponential GARCH, FIEGARCH.

Baillie et al. (1996) and Bollerslev and Mikkelsen (1996) have argued th a t the 

presence of a unit root in the variance may simply be an artefact of the restrictive 

tim e series specifications used in previous studies. By using a more flexible ARCH 

param etrisation tha t allows for a slowly m ean-reverting process, it appears th a t the 

tem poral dependencies in aggregate U.S. stock m arket volatility are better characterized 

by a fractionally integrated tim e series model.
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3.9 Non-norm al conditional distribution

In the ARCH model, the conditional distribution of the error term  is normal bu t the 

unconditional distribution is not normal and has thicker tails than  the normal. No 

single param etric specification of the conditional density is suitable for all conditionally 

heteroskedastic data. An ARCH model assumes conditional normality will often fail to 

meet all the requirem ents of a normal distribution, (Bera and Higgins, 1995). Bollerslev 

(1987) introduced a model th a t is an extension of the ARCH th a t allows for conditionally 

t-d istributed errors. The unconditional distribution corresponding to the GARCH(p, q) 

model with conditionally normal errors is leptokurtic bu t it is not clear whether the model 

sufficiently accounts for the observed leptokurtosis in financial tim e series. In particular, 

a “fat tailed” conditional distribution might be superior to the conditional normal. 

Bollerslev (1987) suggested using a GARCH(p,q) model with conditionally t-d istributed 

errors and found th a t the kurtosis of the standardised residuals was closely inline with 

the kurtosis of a t-distribution. As the degrees of freedom for a t-d istribution approach 

infinity, the t-distribution approaches a normal distribution but the t-d istribution allows 

for heavier tails than the normal. Hsieh (1989) investigated the daily closing bid prices 

of five foreign currencies in term s of U.S. dollars using a GARCH(1,1) and dem onstrated 

th a t despite the standardised residuals of a being approxim ately normal, all five display 

evidence of excess kurtosis not consistent with a normal distribution. Hsieh (1989) also 

dem onstrated th a t conditional t-d istribution and the GED could only successfully model 

three out of the five foreign currencies. Hansen (1994) developed an approach to allow 

for both  tim e varying shapes in the conditional density, and for skewness in the density 

function. He suggested th a t skewness and kurtosis should also be tim e varying. The 

model is referred to as an autoregressive conditional density model (ARCD). Hansen 

(1994) explains th a t the goal is desirable to select a density function which generalises 

the standard  normal, is sufficiently flexible to generate the range of shapes which might 

be relevant in a particular apphcation (such as heavy tails, skewness, or bi-m odality), 

and yet is sufficiently parsimonious. To facilitate quasi-likehhood estim ation, it is also 

im portant th a t the density be available in closed form. Otherwise, estim ation may be 

infeasible. Hansen achieves this by using a low-dimensional param etric family for the 

conditional density, and letting each param eter be a param etric function of the data. 

Two particular examples of this approach, using a conditional student t-d istribution and 

a conditional skewed student t-distribution, are developed and used. In order to model
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the  one-month excess holding yield on U.S. Treasury securities, he used a GARCH model 

w ith conditional t-distribution and tim e varying degrees of freedom. The information 

set available determ ined the tail thickness. The shape param eters of the conditional 

densities are found to be statistically significant a t the 5 percent level. A likelihood ratio 

test rejected the a conditional t  d istribution with constant degrees of freedom in favor of 

the  ARCD.

3.10 Other univariate ARCH m odels

Bera et al. (1992) introduced the Augmented ARCH (AARCH) model, a linear regression 

model with random  coefficient autoregressive disturbances th a t provides a convenient 

framework to  analyze autocorrelation and ARCH simultaneously. Firstly  consider a 

static  linear regression model with random  coefficient (AR) disturbances,

y t =  +  et
Q

( t  = + Ut
i=l

=  + Ik (3.19)
1= 1

assuming rjt =  ~  (0, Eq,Tg) and Ut ~  (0, cr^) are independent. Under this

assum ption, the  conditional mean and variance can be specified as follows

where 4> =  (0 i, • ■ • , 0, ) '  and =  (ej_i, • • ■ , €t-q)'  and,

ht =  +  cr̂  (3.20)

I f  (f) 0, the error process is serially correlated, and if E 7̂  0, the error process shows

ARCH properties. A diagonal E specifies the linear ARCH process proposed by Engle 

(1982), but a nondiagonal E specifies an ARCH process with additional cross-product 

term s between the past errors. The la tter model was called the augmented autoregressive 

conditional heteroscedasticity (AARCH) to diff'erentiate it from the standard  ARCH.
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Unhke ARCH, A ARCH is not sym m etric in the sense th a t the conditional variance ht, 

depends on the signs of the individual lagged ej’s.

The Q uadratic ARCH (QARCH) model introduced by Sentana (1995) nests the AARCH 

model of Bera et al. (1992). The QARCH formulation can also be interpreted as a second- 

order Taylor approxim ation to  the conditional variance, or, alternatively, as the quadratic 

projection of the square innovation on the inform ation set. The conditional variance for 

a QGARCH(1,1) can be form ulated as

ht = ao + (3.21)

where <f> is the asymm etric param eter th a t helps separately identifj^ the im pact of positive 

and negative shocks on volatility.

The GJR-GARCH model by Glosten et al. (1993) also allows for asymm etry in the 

GARCH process. The conditional variance can be expressed as

ht =  + a i f j_ i  +  P h t- i  +  (3.22)

where I t - i  =  1 if e t- \  < 0 and I t - i  =  0 otherwise. The conditions for non-negativity are

«o >  0 , « i  >  0 , /3 >  0  and a i  -|- 7  >  0 .

The threshold ARCH (TARCH) by Zakoian (1994) is similar in structure to the GJR- 

GARCH but models the conditional standard  deviation instead of the conditional 

variance. The conditional standard  deviation is given by

\ / h t  =  cj -|- p y j h t - i  -h + a  ef._^ (3.23)

where =  e.t~i if e.t-i > 0 and =  0  if e t- i  < 0  and vice versa for

Geweke (1986) and P an tu la  (1986) suggested a functional form for the conditional 

variance which aimed to overcome the non-negativity restrictions on param eters of the 

linear ARCH model (Higgins and Bera, 1992). The model is referred to as the log ARCH 

model and given as

log{ht) = a o  + aiZo5 (€j_i) -h  h aplog{ef_p) (3.24)
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Engle and Bollerslev (1986) criticize this specification, however, because the likelihood 

function becomes undefined if a residual of zero is encountered (Higgins and Bera, 1992).

3.11 Power ARCH m odels

Taylor (1986) introduced a class of ARCH models th a t relates the conditional standard 

deviation of a series to lagged absolute residuals and past standard  deviations where the 

conditional standard  deviation can be specified as

Q p
y /h t  =  Qq +  (3.25)

i=l j= \

Higgins and Bera (1992) proposed a nonlinear ARCH (NARCH) model which can be 

extended to a nonlinear GARCH model where hf =  cr ,̂ the second moment can be 

expressed as
q p

— ^ 0 + +  (3.26)
i=l 1=1

Ding et al. (1993) introduced the asymm etric power ARCH model (APARCH) to estim ate 

the optimal power term  within the model where ht can be specified as

P Q

a f  = ao + ^  ^  (3.27)
i=l i=l

The power term , d, captures the conditional standard  deviation when d = l  and the 

conditional variance when d=2. Asym metry is captured by the 7  term . The NGARCH 

model is and A-PARCH model without the leverage effect. Ding et al. (1993) show th a t 

the APARCH model nests several other ARCH models by specifying the permissible 

values for a , /3, 7  and d. S tandard ARCH models impose a squared term  in the second 

moment equation. The Taylor (1986) class of ARCH models specify a power term  of d = l .  

Any positive value can be used to specify the second moment equation. Brooks et al. 

(2 0 0 0 ) explains th a t this is so because absolute changes in prices will exhibit volatility 

clustering and the inclusion of a power term  acts so as to  emphasise the periods of relative 

tranquillity and volatility by magnifying the outliers in th a t series. The use of a squared 

term  is particularly suitable when the d a ta  is normally distributed, as the distribution can 

be fully characterised by its first two moments, and the squared term  is a reflection of the 

assum ption of norm ality applied to the data. W hen the d a ta  is not normally distributed
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higher order m oments must be considered to adequately describe the data. W hen this 

is the case, the superiority of the squared term  is lost and other power transform ations 

may be more appropriate and the structure  imposed on the d a ta  by a squared term  may 

potentially furnish sub-optimal modelling and forecasting performance relative to other 

power term s, (Brooks et al., 2000).
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T a b l e  3.1: ARCH/GARCH model specifications

M odel d ai 0i l i
A RCH 2 free 0 0
G A R C H 2 free free 0
Leverage ARCH 2 free free l7i| <  1
Leverage G A RCH 2 free free l7z| <  1
G JR -A R C H 2 O i(l + 7 i)^ 0 -A a a i
G JR -G A R C H 2 a i ( l  +  7i)^ free -A a a i
Taylor ARCH 1 free 0 0
Taylor G A RCH 1 free free 0
TARCH 1 free 0 l7i| <  1
G eneralized TARCH 1 free free l7i| <  1
NA RCH free free 0 0
Pow er GARCH free free free 0
A sym m etric PA RCH free free 0 l7i| <  1
A sym m etric FG A R C H free free free l7i| <  1
R e s tr ic tio n s  req u ired  on  th e  a sy m m e tr ic  pow er A R C H  m ode l o f D ing e t a l. (1993) to  n e s t o th e r  m odels T h e  s ign ificance  o f th e  
re s tr ic tio n s  req u ired  to  n es t th e se  m ode ls  m ay  be  te s te d  u s ing  th e  like lihood  ra t io  te s t in g  p ro ced u re  a n d  ex a m in in g  th e  re su lts  of 
each  p a irw ise  com p ariso n .
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The apphcabihty of the power ARCH model to stock market d a ta  has been explored 

in various papers such as Ding et al. (1993), Hentschel (1995), McKenzie and Michell

(1999), Brooks et al. (2000), Tooma and Sourial (2004), Giot and Laurent (2004), 

Karanasos and Kim (2006) and Ane (2006). Ding et al. (1993) examined S&P 500 stock 

m arket returns using the asymm etric power GARCH model to assess the im pact of power 

transform ations and report a power transform ation of 1.43 as the optim al transform ation. 

Hentschel (1995), introduced a more general class of the power ARCH model which is 

closely related to  the long memory ARCH model by Ding and Granger (1996) and the 

fractionally integrated GARCH model introduced by Baillie et al. (1996) and found 

the optimal power term  to be 1.52 when applied to US stock return  data. Brooks a t al.

(2000) estim ate an asymm etric power ARCH model for 10 series of national stock m arket 

index returns and a world index. These countries include Australia, Canada, France, 

Germany, Hong Kong, Japan , New Zealand, Singapore, the United Kingdom and the 

United States. The realtive ranking of each of the nested models was considered using 

the likelihood ratio testing procedure and further analysis on the ranking of the models 

was produced using the Akiake Inform ation Criterion (AIC) and the Schwarz Bayesian 

Crierion (SBC). The maximum power term  was found to be 2.489 for Singapore and the 

minimum was 0.912 for the German Index. The remainder of the estim ated power term s 

were between 1.0 and 1.5. W ith the exception of the Singapore-Straits Times index, 

none of the estim ated power coefficients were significantly different from unity, and with 

the exception of the Singapore index. Brooks et al. (2000) report th a t the optim al power 

term s for the remaining countries appear remarkably similar. They conclude th a t the 

analysis indicates strong leverage effects are present in national stock m arket da ta  and 

once the leverage effects are modelled in a GARCH framework, including a power term  

is a worthwhile addition to the specification of the model.

Ane (2006) found th a t when applied to the Japanese m arket the superiority of Bollerslev’s 

GARCH model for the largest stocks is overwhelming and Taylor’s model best captures 

the volatility dynamics of stocks with a smaller market capitalization and a reduced 

liquidity. For the la tte r stocks, when an exception occurs, the power term , d=2. No 

other power values seem optimal.

Ane and Ureche-Rangau (2008) extended the APARCH model to a regime switching 

power GARCH model which unlike in single-regime models, heteroskedasticity can now 

be driven by switches between regimes as well as within-regime volatility persistence.
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They report th a t their findings are consistent with Lamoureux and Lastrapes (1990a): 

the  explosive variance often obtained with GARCH models may be caused by trying 

to use a single-regime model to capture a multi-regime process. The RS-APGARCH 

(regime switching asymmetric power GARCH) model also introduces the possibility of 

within-regime asymmetric response to news and although the classical leverage effect 

of stock m arket returns is obtained for both  regimes, the asymm etric response to news 

is consistently stronger in the low-volatility regime, (Ane and Ureche-Rangau, 2008). 

The significant values obtained for the power term s for both  regimes when modeling the 

dynamics of the four Asian index returns proves th a t the long memory property of stock 

returns is not simply due to structural breaks as was often argued (see Gourieroux and 

Jasiak (2001) or Granger and Hyung (2004)) bu t th a t there exists a long-rTm dependence 

within each regime.

3.12 Mixed Normal GARCH

A mixed normal (NM) distribution can be used for modelling skewed or heavy tailed data, 

m aking it particularly suited to modelling financial returns. V laar and Palm (1997) first 

suggested the Mixed Normal GARCH bu t only considered a two-component case with 

the restriction h2t~hu+5'^■ Bauwens et al. (1999) also composed a two-component MN- 

GARCH but where the conditional variance components are proportional to each other 

i.e. h2t= T \f  Haas et al. (2004) suggest th a t “a m ixture of two or more normals could also 

arise from different groups of actors in the m arket, with one group acting, for example, 

more volatile than  the other or, possibly, processing m arket information differently.” 

The MN cannot capture volatility clustering, similar to any other fat-tailed, skewed 

distribution. The series et is generated by a k-component mixed normal GARCH(p,q) 

process, and denoted MixN(k), if the distribution of e* is conditional on the information 

set up to time t-1, F t - i , is a k-component mixed normal w ith zero mean i.e.

~ / X , / i t )  (3.28)

where A=(Ai,....,Afc) , /x= ( ; U i , . . . . , / X f c ) ,  ht={hi,....,ht). In the case of k = l ,  the mixed 

normal is equivalent to the GARCH(p,q). The MixN(k) model allows for conditional 

variance in each of the k-components and dynamic feedback between the components.
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The model gives rise naturally  to  tim e varying skewness and kurtosis. Haas et al. (2004) 

use time varying m ixture weights to account for the leverage effect. The tim e varying 

weight formulation

allows A and /x to depend on t, i.e. Aj =  (A ij,...., A^j) and •••i Mfct)- They

apply a mixed normal GARCH model and various tim e varying mixed normals to daily 

NASDAQ returns from 1971 to 2001 and find th a t these models outperform  the standard  

GARCH model.

3.13 A utoregressive conditional duration

Engle and Russell (1998) proposed the autoregressive conditional duration (ACD) model 

to represent sequences of random  times subject to clustering phenomena. In particular, 

the ACD model can be used to represent the random  arrival of orders or the random 

tim e of trade execution. The arrival of orders and the execution of trades are subject 

to clustering phenomena insofar as there are periods of intense trading activity with 

frequent trading followed by periods of calm. The ACD model is a point process. 

The simplest point process is Hkely the Poisson process, where the tim e between point 

events is d istributed as an exponential variable independent of the past distribution 

Poisson process because it includes an autoregressive effect th a t induces the  point process 

equivalent of ARCH effects. In the basic ACD(m,q) model proposed by Engle and Russell 

(1998), ht depends on m past durations and q past expected durations

To ensure positive conditional durations for all possible realisations, sufficient bu t not 

necessary conditions are th a t n;o >  0, o-i >  0 and Pi > 0. The m ain assum ption 

of the ACD model is th a t the standardized durations are independent and identically 

distributed. Just as a GARCH(1,1) is often found to suffice for removing the dependence 

in squared returns, a low order ACD model is often successful in removing the tem poral 

dependence in durations. Different extensions of the ACD model have been proposed. In 

particular, Bauwens and Giot (1997) introduced the logarithm ic ACD model to represent 

the bid-ask prices in the Nasdaq stock m arket. Ghysel and Jasiak  (1997) introduced

(3.29)

(3.30)
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a class of approxim ate ARCH models of returns series sampled at the tim e of trade 

arrivals. This model class, called ACD-GARCH, uses the ACD model to represent the 

arrival times of trades. The GARCH param eters are set as a function of the duration 

between transactions using insight from the Drost and Nijman (1993) weak GARCH 

model. The model is bivariate and can be regarded as a random  coefficient GARCH 

model. Most applications focus on the analysis of the trading process based on trade 

and price durations.

3.14 M ultivariate GARCH models

As variables are often interrelated, it is necessary to  generalise the univariate models to 

m ultivariate models. If a set of variables is influenced by the same information, they will 

have non-zero covariances conditional on the information set. A m ultivariate GARCH 

model specifies equations for how the covariances move over time. Several different 

formulations of the m ultivariate GARCH models have been proposed. Kroner and Ng 

(1998), Palandri (2004), Bauwens et al. (2006) and Silvennoinen and Terasvirta (2007) 

provide extensive surveys of m ultivariate GARCH models. The VEC, diagonal VEC 

and the BEKK are the main param etric MGARCH models which model the conditional 

covariance m atrix  directly.

3.14.1 VEC-GARCH

If the tim e series y t  =  { y u , y N t) '  is an N x 1 vector, it can be expressed as a m ultivariate 

GARCH model in the general form

y t l - i p N i n t ,  Ht )  (3.31)

where /xj is an N x 1 vector and Ht  is an N x N, conditional variance-covariance m atrix. 

The VEC model was introduced by Bollerslev et al. (1988). The VEC specification is 

applied to the upper or lower triangular elements of a sym m etric m atrix  and stacks each 

element into a vector with a single column. Hf  can be w ritten as

q p

vech{Ht) = C  + Aivech{et-ie[_^) + B jvech (H t - j )  (3.32)
i=i j=i
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(3.33)

where e =  (eu, ...,e 7vt)', the N x 1 innovation vector, C is N (N + l)/2  x 1 vector and Ai 

and Bi are N (N + l) /2  x N (N + l)/2  matrices. In the VEC model, each element of the  Ht 

m atrix  depends on the lagged squared residuals and the past variances of all variables 

in the model as can be seen from equation 3.32. The VEC model is very flexible but 

this flexibility also brings two main disadvantages (Palandri, 2004). Firstly, there are 

ra ther restrictive conditions for Ht to be positive deflnite for all t. Secondly, the num ber 

of estim ated param eters is large, for example in the simplest bivariate case the model 

requires the estim ation of 21 param eters.

3.14.2 Diagonal VEC GARCH

Due to the large num ber of param eters requiring estim ation in the VEC model, Bollerslev 

et al. (1988) simplified their VEC model to  the Diagonal VEC which reduces the num ber 

of param eters by allowing the conditional variance to depend only upon its own lagged 

squared residuals and lagged values. This means the Ai and Bi are diagonal matrices. In 

the bivariate case, this requires the estim ation of 9 param eters. If p = q = l  the diagonal 

VEC can be expressed as

A variance-covariance m atrix  must always be positive semi-definite. The variance- 

covariance m atrix  will have all positive numbers on its leading diagonal and be 

symm etrical around this diagonal. Estim ation of the diagonal VEC model is less difficult 

than  for VEC model as each equation can be separately estim ated. The diagonal VEC 

appears to be too restrictive as no interaction is allowed between the difl^erent conditional 

variances and covariances, and at the same tim e positive definiteness of the resulting Hf 

is not easy to check and also difficult to impose at the estim ation stage (Bera and Higgins,

(3.34)

1995).
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3.14.3 BEKK GARCH

The BEKK model, Baba et al. (1995), ensures the the variance-covariance m atrix  is 

positive definite. It may be represented by

K g  K  p

H , = C*o'Co * +  E  E  ^  E  (3.35)
k = \  i = l  k = l  i = l

where A*j  ̂ , and Cq are N x N m atrices and Cq is triangular. The BEKK model 

is a special case of the VEC model (Engle and Kroner, 1995). If E is positive definite 

this ensures th a t Ht is also positive definite. For the bivariate case, the BEKK model 

requires the estim ation of 11 param eters.

3.14.4 Factor GARCH

To reduce the number of param eters involved in the estim ation of VEC and BEKK, 

Diebold and Nerlove (1989) and Engle et al. (1990a) propose a param etrization of H t 

th a t imposes a common dynamic structure to all its elements (Palandri, 2004). The idea 

is th a t co-movements of the d a ta  are driven by a small number of common underlying 

factors. Laloux et al. (1999) applied the theory of random  m atrices to stocks of the S&P 

500 and showed th a t only a small number of the eigenvalues of the covariance m atrix

for a large aggregate carry information. The vast m ajority of the eigenvalues cannot

be distinguished from the eigenvalues of a random  m atrix. By imposing constraints 

on m atrix  entries, the estim ation of a large covariance m atrix  becomes less noisy and 

techniques such as factor analysis and principle components analysis are employed to do 

so.

The Factor GARCH (FGARCH) aims to reduce the number of param eters to be 

estim ated. The model assumes th a t observations are generated by underlying factors 

th a t are conditionally heteroskedastic and possess GARCH type structure (Silvennoinen 

and Terasvirta, 2007). Engle et al. (1990b) use the idea th a t co-movements of stock 

returns are driven by a small num ber of common underlying factors in their model. The 

latent factor ARCH model by Diebold and Nerlove (1989) is a special case of the F-Garch 

model by Engle et al. (1990b) but their model is more based on a stochastic volatility 

model than  a GARCH model. Sentana (1998) discusses the difference and similarities
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between the two models. Bollerslev and Engle (1993) use the param etrization of Engle 

et al. (1990b) to model common persistence in conditional variances (Bauwens et al., 

2006). The factor model can be seen as a particular BEKK model.

Factor analysis a ttem pts to  explain the correlation between a large set of variables in 

term s of a smaller num ber of underlying factors. It is assumed th a t Ht  is generated 

by K underlying factors which need not necessarily be uncorrelated. Equation (3.38) 

is the param etrization the FGARCH as given by Bauwens et al. (2006) adapted from 

the definition of the F-GARCH model used by Lin (1992). The BEKK (1,1,K) given 

in equation 3.35 is a factor GARCH model, denoted by F-GARCH (1,1,K), if for each 

and B*î  have rank one and the same left and right eigenvectors, Aĵ

and (jJk, i.e.

— ‘̂ ik^k^'k (3.36)

and

B*, =  (3.37)

where aik and /3jk are scalars and and are N x 1 vectors with

=  0 f o r  k ^  i, or \ f o r  k = i

By substitu ting equations 3.36 and 3.37 into 3.35 and letting C*'C* = Q

K

Ht = ^  + +  P k ^ k ^ t - i ^ k )  (3.38)
f c = i

The vector A  ̂ are the factor loadings and the scalar is the K th factor denoted fkt- 

The number of param eters in an F-GARCH model is N (N +5)/2 .

The F-GARCH is a special case of the BEKK. The F-Garch model of Engle et al. (1990b) 

uses factors th a t are generally correlated and several of the factors may capture the 

same features in the data. Since the F-GARCH model, several extensions to the model

have been proposed which have uncorrelated factors. The original observed series are

assumed to be linked to  unobserved, uncorrelated factors, zt, through a linear invertible 

transform ation W

yt =  W z i  (3.39)
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and W  is a nonsingular N xN  m atrix  (Silvennoinen and Terasvirta, 2007). The factors 

zt are assumed to follow a GARCH process. The differences between factor models are 

due to how the transform ation W  is specified and whether the num ber of heteroskedastic 

factors is less than  the num ber of series or not. The use of uncorrelated factors can reduce 

the number of factors necessary relative to the number of correlated factors needed.

3.14.5 Orthogonal-GARCH

Van der Weide (2002) introduced the Generalised Orthogonal GARCH, GO-GARCH, 

where the unobservable components are normalised to have unit variance. The GO- 

GARCH model consists of two parts: (i) a set of conditionally uncorrelated univariate 

GARCH processes and (ii) a linear mapping th a t relates these components to the 

observed data. In the GO-GARCH model W , equation 3.39, is required to be invertible, 

not orthogonal. The 0-G A R CH  model assumes the m atrix  is orthogonal and so this 

only covers a subset of all possible invertible matrices. The 0-G A R CH  model is a 

nested special case of the GO-GARCH where the linear m ap is orthogonal. Boswijk and 

van der Weid (2006) suggest a three step non-linear least squares estim ation technique 

for the GO-GARCH when a two step estim ation using a likelihood optim ization may be 

infeasible.

3.14.6 Full factor GARCH

Vrontos et al. (2003) suggested a related model, the Full Factor GARCH or FF-GARCH. 

This model has the restriction th a t the m apping W , equation 3.39, is an N xN  invertible 

triangular param eter m atrix  with a main diagonal consisting of ones (Silvennoinen and 

Terasvirta, 2007). The param eters in W  are estim ated directly using only the conditional 

information. Assuming the m atrix  to be triangular simplifies the model but is more 

restrictive than  the GO-GARCH and may rule out certain relationships between the 

factors and the returns.
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3.14.7 Generalised orthogonal factor GARCH

Lanne and Saikkonen (2007) proposed the Generalised Orthogonal Factor GARCH, 

GOF-GARCH. In this case W , equation 3.39, is decomposed using the polar decom

position

W  =  C R  (3.40)

where C is an N xN  symm etric positive definite m atrix  and R  is an N x N  orthogonal 

m atrix  (Silvennoinen and Terasvirta, 2007). Lanne and Saikkonen (2007) describe their 

model as being related to the factor GARCH model of Engle et al. (1990b), bu t it is 

more parsimonious and easier to estimate. In the GOF-GARCH some of the factors 

can be conditionally homoskedastic. This allows for system atic and idiosyncratic shocks 

where as (generalized) orthogonal models are ra ther restrictive for financial d a ta  in th a t 

they allow for no idiosyncratic shocks (Silvennoinen and Terasvirta, 2007). Lanne and 

Saikkonen (2007) also develop test procedures which can be used to specify an appropriate 

num ber of factors needed to adequately describe the conditional heteroskedasticity in 

the data. The GOF-GARCH model is a special case of the BEKK. The GOF-GARCH 

combines the advantages of both factor models and orthogonal models. It possesses the 

reduced num ber of heteroskedastic factors of a factor model and the relative ease of 

estim ation due to orthogonality of factors (Silvennoinen and Terasvirta, 2007).

3.14.8 Constant conditional correlation m odels

Bollerslev (1990) proposed a m ultivariate tim e series model with tim e varying conditional 

variances and covariances, bu t constant conditional correlations. This model is called 

the constant conditional correlations or CCC model. The variances and covariances can 

be modelled separately using univariate models thus allowing for different specifications 

and lags for each of the variances (Palandri, 2004). Then, based on these conditional 

variances, the conditional correlation m atrix  can be modelled. Bollerslev (1990) 

used constant conditional correlations and therefore the conditional covariances are 

proportional to the product of the corresponding conditional standard  deviations. This 

restriction reduces the num ber of param eters needed to be estim ated. The CCC model 

is defined as

Ht — DfTDt  — {pij y j  hiifhjjt)  (3-41)
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where

D t  —  d i a g i J i Y n ,  • • • , (3.42)

and hat can be defined as any univariate GARCH process. F =  {pij) is the constant 

NxN correlation matrix where pa = l,Vi. The matrix, Ht, will be positive definite for 

all t iff each of the N conditional variances are well defined and F is positive definite. 

Compared to many alternative parameterizations for the time varying covariance matrix, 

these conditions are very easy to impose and verify (Bollerslev, 1990). The original CCC 

model had a GARCH(p,q) specification for each of the conditional variances in Dt

The CCC model has (N + 5)/2  parameters. Bollerslev (1990) concludes that compared to 

the linear diagonal GARCH, the latent factor ARCH, or factor GARCH, the CCC model 

represents a major reduction in terms of computational complexity and the conditions to 

ensure the time varying covariance matrices are positive definite and well defined are very 

easy to impose and verify. Bauwens et al. (2006) states that the assumption of constant 

conditional correlations may seem unrealistic in many empirical applications and the 

unconditional covariances are difficult to calculate because of nonlinearity in equation 

3.41. Jeantheau (1998) extended this model to allow dynamic interactions between the 

conditional variance equations which has a more flexible correlation structure than the 

original CCC model. He and Terasvirta (2004) investigated the moment structure of the 

extended CCC model.

3.14.9 Dynam ic conditional correlation m odel D C C e

The assumption that the conditional correlations are constant may seem unrealistic in 

many empirical applications (Bauwens et al., 2006). Tse and Tsui (2002) and Engle 

(2002) propose a generalization of the CCC model by making the conditional correlation 

matrix time dependent. Engle (2002) introduced a new class of multivariate models called 

dynamic conditional correlation (DCC) models. These have the flexibility of univariate 

GARCH models coupled with parsimonious parametric models for the correlations. They 

are not linear but can often be estimated very simply with univariate or two step methods

Vart{et) = hm
9 p

(3.43)
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based on the hkeUhood function. Relaxing the constraint of constant correlations creates 

the difficulty that the time-dependent conditional correlation has to be positive definite 

Vi. The DCC model guarantees this condition is satisfied. The DCC model of Engle 

(2002) or DCCe  is defined by Bauwens et al. (2006) allows F to be time varying:

Ht = DtTtDt (3.44)

where Dt is defined as in equation 3.42, hm can be defined as any univariate GARCH 

model and

F =  {diag Qt)-^/^Qt{diag (3.45)

and where the N  x N  symmetric positive definite matrix Qt is given by:

Qt = {1 -  a -  P)Q + -1- PQt~i (3.46)

with Uit = y/hiit, Q is the N  x N  unconditional variance matrix of ut, and a  (> 0)

and /3 (> 0) are scalar parameters satisfying a  +  /? < 1.

The elements of Q can be estimated or alternatively set to their empirical counterpart 

to render the estimation even simpler (Bauwens et al., 2006).

3.14.10 D ynam ic con d itional correlation  m od el D C C t

The DCC model of Tse and Tsui (2002) assumes a vech-diagonal structure in which each 

conditional-variance term follows a univariate GARCH formulation. The DCC model 

of Tse and Tsui (2002) uses a different specification for the conditional correlation than 

Engle (2002). The conditional variance as defined by Bauwens et al. (2006) is given as:

Ht =  DtTtDt (3.47)

where Dt is defined as in equation 3.42, hm can be defined as any univariate GARCH 

model,

Fi =  (1 -  -  02)r +  +  OiTt-i (3.48)

The parameters 6i and 02 are non-negative scalars satisfying + 02 < 1, and F is a 

symmetric N  x N  positive definite parameter matrix with pa =  1, and is the
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N  X N  correlation matrix of for r  =  i  — M , t  — M  +  1, . . . , t  — 1. The i,j th. element is 

given by:
E m

where Ua =  ^ulVhut-  The matrix can be expressed as

(3.50)

where -Bf_i is an N x N diagonal matrix with zth diagonal element being ( X ] ^ i  

and L j_i =  ( t ij - i ,  ■ • • , Ui-m)  is an N x  M matrix. A necessary condition to ensure the 

positivity of and therefore also of Fj, is that M  >  N .  Then Fj is itself a correlation 

matrix if F^-i is also a correlation matrix {pat =  IVi). The CCC model is nested in this 

model and a test Oi =  02 =  0 can be used to check whether imposing constant conditional 

correlations is empirically relevant (Bauwens et al., 2006).

3.14.11 Generalised dynamic covariance m odel

Kroner and Ng (1998) introduced a general dynamic covariance matrix model which nests 

many existing multivariate GARCH models as special cases. They then generalise this 

model to include asymmetric effects and show that the choice of a multivariate volatility 

model can lead to substantially different conclusions in an application that involves 

forecasting dynamic variance matrices. Bauwens et al. (2006) extend the definition of 

Kroner and Ng (1998) to cover the models of dynamic conditional correlations. The 

model as defined by Bauwens et al. (2006) is given by

H t  — D i T t D i  +  O 0 f  (3.51)

where D t  =  {dijt) , dm =  Vi, dijt =  0 Vi 7̂  j

and

Qt = (%t) 
and

Fi is specified as D C C t  or as D C C e  =  (</'ij)i =  0 Vi, (pij =  4>ji

Oij t  — U i j  +  Vi, j (3.52)
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and Oj, Qi, i  =  1, ■ ■ ■ , N  are N x 1 vectors of param eters, Q =  (wjj) is positive definite and 

symmetric. The GDC model has two components. The first term , D f R D f  is similar to 

the CCC model, biit the variance functions are given by the BEKK model. The second 

term , $  © 0 t ,  has zero diagonal elements, bu t has off-diagonal elements given by the 

BEKK-type covariance functions, scaled by the (pij param eters.

Elementwise the GDC model can be expressed as

h u t — ^iit i

hij t  — Pijt  \ / ^  j  (3.53)

where 9ijt are given by the BEKK in equation 3.52. This model encompasses the VEC, 

BEKK, Factor-GARCH and CCC models. Kroner and Ng (1998) proves this proposition 

and Bauwens et al. (2006) extends this to show th a t the model also encompasses the 

DCC. The model has [N(7N - 1) +  4]/2 param eters.

An extension of the GDC model following the approach of Glosten et al. (1993) was used 

by Kroner and Ng (1998). The Asymmetric Dynamic Correlation model (ADC) m atrix  

model is a extension of the GDC model th a t perm its asymm etric effects in both  variances 

and covariances. Kroner and Ng (1998) specifies the conditions under which the ADC 

model reduces to various different asymm etric m ultivariate GARCH models such as the 

asymm etric VEC, BEKK, F-GARCH and CCC models. They also dem onstrate th a t the 

choice of a m ultivariate volatility model can substantially affect the conclusions of the 

analysis.

3.14.12 Dynam ic equicorrelation

The Dynamic EquiCO rrelation (DECO) model introduced by Engle and Kelly (2009) is 

a special case of the CCC and DCC models which involves first adjusting for individual 

volatilities and then estim ating the correlations. The DECO-GARCH, eliminates both 

the presentational difficulties and the com putational difficulties of high dimension 

systems. It allows for a system where all pairs of series have the same correlation on a 

given day but this correlation varies over time. DECO estim ates only one correlation 

tim e series instead of averaging correlations after estim ating them . Advantages of this
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model include the likelihood being very simple, it can be estim ated about as fast as 

GARCH no m atter how many assets there are and it is easy to  interpret and analyze.

The DECO model of Engle and Kelly (2009) is defined by Laurent (2009) as:

Ht = DtTtD t  (3.54)

where

-  P t ) l N  +  P t J N x N  (3.55)

« “ N(N - 1)

w'here pt is the equicorrelation, qijx is the i j ’th  element of Qt in equation 3.46, In denotes 

the N-dimensional identity m atrix  and J n x N is dun N  x N  m atrix  of ones. Engle and 

Kelly (2009) sta te  tha t exists iff pt 7  ̂ 1 and pt ^  —1 / ( 7V — 1) and Rt  is positive 

definite iff —1/(A^ — \) < pt < 1.

3.15 Inform ation pooling

A question still standing in modeling the volatility of returns is how to deal with a large 

num ber of series. Financial return  series are dynamically interrelated, and this has to be 

taken into account, for example, in the construction of optim al portfolios.

3.15.1 M acGyver m ethod

The M acGyver m ethod introduced by Engle (2009) is an information pooling m ethod 

based on “blending” already available estim ates of a param eter to obtain a new estim ate 

of th a t param eter with the aim of improving the performance of the model through a 

data-pooling mechanism. The MacGyver M ethod estim ates all bivariate models. Each 

should be consistent for the same param eters. These estim ates are then combined and the 

correlations are calculated. The MacGyver M ethod requires only bivariate estimation 

and does not require the same number of observations on all assets. This m ethod is 

robust to  occasional non-convergence and diverging estim ates and allows the possibility 

to estim ate only a subset of pairs and apply param eters to all.
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Let {9k}j^^i be K different estim ates of 9. These may be obtained by using different 

m ethods, models or da ta  sets. For the case a t hand, N t  estim ates of 9 can be 

obtained by employing QMLE for each asset in the panel individually. These estim ates 

are then combined using a “blend function”, b (•), to obtain  a final estim ate of 9, 

9 m g  =  b  .

Six estim ators are considered. The mean, median and trim m ed mean are constructed 

from either unrestricted or restricted maximisations. In the trim m ed set the highest and 

lowest 5% of the estim ates are eliminated. The median and trim m ed mean serve the 

purpose of discarding outliers, which could otherwise introduce bias. The unrestricted 

MLE maximizes the log likelihood w ithout restrictions. If it does not converge in a finite 

num ber of iterations, the the final value of the estim ate is taken. The restricted MLE 

reparam eterizes the log likelihood using a logistic function form so th a t bo th  param eters 

m ust lie in the interval (0,1). Results show th a t the best estim ator (the smallest root 

mean squared) are achieved with the median and on average the RMS of the  unrestricted 

median is the smallest.

Several practical issues exist relating to this m ethod. F irst of all, when the sample size is 

not large enough, in some cases optim isation may fail and simply yield the initial values 

used for optim isation as the param eter estim ates. Following Engle (2009), such cases 

are discarded and not used in the blend function. Furtherm ore, when using the GARCH 

specification of equation 3.9, if a  is equal to zero, then /3 is not identified. Therefore, 

/3 has no interpretation in such cases, no m atter what its value is. Consequently, this 

analysis also ignores sets of estim ates where a  is less than  0.0025. This particular choice 

of the cut-off value and the elimination of non-converging cases constitu te an ad-hoc 

aspect of the MacGyver m ethod. Nevertheless, the aim of the M acGyver is not to have a 

set of very good estim ates, bu t rather to find a blend function th a t  yields a good estim ate 

from a pool of a large num ber of estim ates.

The assum ption th a t all assets share a common set of param eters of interest is not 

necessary for QMLE, but the MacGyver m ethod crucially rely on this assum ption, which 

is likely to  be violated. The M acGyver m ethod aims to improve empirical performance by 

m aking this restrictive assum ption, even when there may be no apparent reason for it to 

hold. This, however, is a common tradeoff in theoretical and empirical econometrics. No 

information pooling m ethod is likely to explain the d a ta  perfectly. There is no guarantee
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th a t some or all of the  d a ta  follows a GARCH process, although this model has been 

found to be very successful in empirical analysis. The assum ption of a common set of 

param eters for all assets is not likely to hold. R ather, the AiacGyver m ethod aims to 

improve forecasting performance through the data-pooling mechanism.

The m ain advantages of the MacGyver m ethod include com putational simplification and 

bias reduction. As only the median of the estim ations are needed, there is little loss of 

efficiency if some are not run. This allows for the possibility of only estim ating a subset 

of bivariate pairs bu t with no clear way of selecting a subset. Engle (2009) clarifies tha t 

there is little advantage to  computing all of them. Another advantage is th a t the d a ta  

sets for each bivariate pair need not be of the same length.

3 .15.2  C lustering

Bauwens and Rom bouts (2007) estim ate a large num ber of GARCH models, of the order 

of several hundreds, to identify common structures in the volatility dynamics of the 

tm ivariate time series. This can be done by postulating the existence of a finite number of 

groups, such th a t the members or the da ta  series of each group have the same param eter 

vector determining the conditional variance specification. The series is classified in an 

unknown number of clusters. W ithin a cluster, the series share the same model and the 

same param eters. Each cluster therefore contains similar series. A priori, it is unknown 

which series belongs to  which cluster. The model is a finite m ixture of distributions, 

where the component weights are unknown param eters and each component distribution 

has its own conditional mean and variance. Inference is done by the Bayesian approach, 

using d a ta  augm entation techniques.

Consider the example of the SP500. Even if it were believed th a t the 500 stocks are 

all different (i.e. no two stocks are driven by the same volatility process), it may be 

convenient to consider th a t there are, for example, three groups of stocks. Those with 

low persistence in the variance, those with high persistence, and stocks w ith in-between 

persistence. An additional issue of particular interest in this respect is classification, i.e. 

the allocation of each series to one of the groups.

Bayesian inference is used for four main reasons. A first reason is th a t in the approach of 

finite mixtures, Bayesian inference allows us to trea t classification in a straightforward
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manner. A second reason is that mixture models are inherently difficult to estimate, 

due to identification difficulties. The Bayesian approach helps to identify the model by 

inputting adequate prior information. A third reason is the need to infer the number 

of groups. This is conveniently done by computing posterior probabilities on the range 

of values deemed a priori plausible. For each number, the marginal likelihood must 

be computed, after which posterior probabihties are easily obtained. A fourth reason 

is inherent to Bayesian inference: information coming from financial specialists can 

be incorporated into statistical models through the prior distribution. For example a 

financial specialist may have information on the persistence in volatility for a stock that 

he\she trades regularly.

3.16 A lgorithm s

GARCH models are usually estimated using numerical procedures to maximise the 

likelihood function, which produces the most likely values of the parameters given the 

data. As maximising the log-likelihood function for a model with time-varying variances 

can be complex, numerical procedures are often employed to maximise this function. 

The various numerical methods search over the parameter space until the values of the 

parameters tha t maximise the function are located. A drawback of these methods is 

that the log-likelihood function may have multiple local maxima and hence different 

algorithms could lead to different parameter estimates and standard errors. It is therefore 

important that good initial estimates of the parameters are used so that the global 

maximum is reached. Another difficulty arises if the log-likelihood function is flat around 

the maximum; a range of values for the parameter could lead to very similar values of 

the log-likelihood function, making it difficult to select an appropriate value.

A non-linear optimization is considered converged when the change from one iteration 

to the next is less than the set convergence criterion (typically set to 0.00001). RATS^ 

(Regression Analysis of Time Series) defines the change in a vector of parameters by 

taking the maximum across its elements of

min{\P -  Po\/\\Po\,\P -  Pol) (3.57)

^The information on algorithms in section 3.16 was obtained from the RATS 7.0 Reference manual 
and RATS 7.0 Users Guide
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where (3o is the param eter’s value before this iteration. If a param eter has a natural scale 

which is considered small (e.g. 0.0001) a change of 0.000009 may have substantial affect 

on the function value, bu t would pass the convergence test. Rescaling the param eter 

or scaling the variable can help with this problem and also help with the accuracy of 

numerical derivatives.

Four algorithm s for estim ating GARCH models are available in RATS: Simplex, Genetic, 

BHHH and BFGS. W ith  the exception of the genetic algorithm  all optim ization m ethods 

used in RATS will generally end up converging to the local optim um  which is “uphill” 

from the initial guesses. For most functions, there is no guarantee th a t this will be the 

global optim um. If the function has multiple local optim a, it should be estim ated from 

several sets of initial values to see if it converges to ju st one set of estimates.

3.16.1 D erivative free m ethods

The Simplex and Genetic algorithm can be helpful in improving initial param eter guesses 

for models th a t prove difficult to fit. Simplex and Genetic are derivative free m ethods 

which can compute estim ates of the coefficients but not standard  errors. They can be 

helpful in refining initial guess values before applying a derivative based m ethod such 

as the BFGS and BHHH algorithms. Simplex can be used as a preliminary estim ation 

m ethod to refine initial param eter values before switching to a derivative based method.

Simplex and Genetic are derivative-free m ethods which can compute point estim ates of 

the coefficients bu t not standard  errors. They can be helpful in refining initial guess values 

before applying one of the derivative-based m ethods. The Simplex and Genetic m ethods 

require only continuity, bu t they can’t compute standard  errors (for com putation of 

standard  errors a hill-climbing m ethod m ust be used). The Genetic algorithm  scans 

more broadly, bu t w ith an extremely large cost in term s of computing time.

3.16.1.1 Simplex

The Simplex m ethod is a search procedure which requires only function evaluations, 

not derivatives. It s ta rts  by selecting K +1 points in K-space, where K is the number 

of param eters. The geometrical object formed by connecting these points is called a 

Simplex. One of these vertices represents the initial values. Each of the other points
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equal to the initial point plus one perturbation  to one and only one of the param eters. 

Unlike a general grid search, this initial set of points does not need to  enclose the 

optimum. The basic procedure a t each step is to take the worst of the K +1 vertices, 

and replace it with its reflection through the face opposite. W here hill-climbing m ethods 

look for a direction where the function increases, the Simplex m ethod moves uphill by 

eliminating the directions where the function decreases. As a result, the Simplex m ethod 

is more robust to initial conditions and the behavior of the function, but is much slower 

to converge than  hill-climbing techniques when the la tte r are appropriate. There is a 

tendency for the Simplex m ethod to get stuck in situations where the points are too 

much in a line to provide information about the shape. The most im portant use of the 

Simplex algorithm  is to refine initial estim ates before using one of the derivative-based 

m ethods, which are more sensitive to the choice of initial estimates.

3.16.1.2 Genetic

Genetic algorithms originate from the theory of evolution, natural selection and genetics. 

The basic concept of the Genetic algorithm s is th a t they designed to sim ulate the 

processes in a natural system necessary for evolution, specifically those th a t follow 

the principles first laid down by Charles Darwin of survival of the fittest. Differential 

evolution is a variation of the Genetic Algorithm. Given a population of param eter 

vectors, at each iteration each vector is compared with a possible successor, the fitter of 

the two is retained. Fitness is m easured by the function value.

Different settings of these can greatly alter the speed of convergence. This is because the 

genetic algorithm  is the only algorithm designed to handle m ultiple peaks in a function 

being maximized. The other m ethods a ttem p t to climb the “hill” on which they start. 

If the function has multiple peaks, the process of m utating vectors can result in a lot 

of wasted efforts, as combining param eter vectors will tend to  give param eter vectors in 

the regions between the peaks.

3.16.2 Hill climbing m ethods

Hill climbing techniques can be used to maximize twice-continuously differentiable 

functions. Each single iteration takes the following steps:
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•  Com pute the gradient, i.e. the first derivative g

• Select a direction by prem ultiplying the gradient by a m atrix, th a t is d  =  G d. 

Make sure the directional derivative is positive, so at least locally the direction is 

uphill. If not, modify the direction.

• Select a distance to travel in th a t direction =  x^ +  Ad

The BFGS and BHHH algorithms differ in their com putation of the m atrix  G . Most 

applied work on ARCH models use the BHHH algorithm  to maximise the log likelihood. 

Beginning with estim ates of the r th  iteration, the ( r+ l) th  step of the BHHH algorithm  

can be w ritten  as

^ ( r + l )  _  ^ ( r )  _|_

and

where the derivates are evaluated at and 7 '̂"̂  For models where the block diagonality 

of the inform ation m atrix  no longer holds, such as the ARCH-M model and asymm etric 

models like AARCH and EGARCH, the BHHH algorithm  m ust be carried out jointly 

for the conditional mean and variance param eters.

3.16.2.1 B H H H

The Berndt et al. (1974) algorithm , BHHH, uses the first derivatives of the log hkehhood 

function with respect to the param eters, which are calculated numerically rather than  

analytically, and approxim ations to the second derivative are calculated. Com putational 

speed is increased by not calculating the actual Hessian at each iteration for each tim e 

step, bu t the  approxim ation may be poor when the log likelihood function is a long way 

from its maximum value thus requiring more iterations to reach the optimum.

Most GARCH models are estim ated using the Berndt et al. (1974) algorithm. This 

algorithm obtains the first derivatives of the likelihood function with respect to  the 

rmmerically calculated param eters, and approxim ations to the second derivative are 

subsequently calculated. Com putational speed is increased by not calculating the actual

E
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Si (3.58)
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Hessian m atrix  a t each iteration for each tim e step, bu t the approxim ation can be weak 

when the likelihood function is far from its maximum, thus requiring more iterations to 

reach the optimum.

3.16.2.2 BFG S

The Broyden-Fletcher-Goldfarb-Shanno (BFGS) m ethod solves unconstrained nonlinear 

optim isation problems by calculating the likelihood function gradient in the same way as 

the BHHH, but it differs in its construction of the Hessian m atrix  of second derivatives. 

The BFGS and BHHH are asym ptotically equivalent, but can lead to different estim ates 

of the standard  errors in small samples. Press et al. (1992) discuss optim isation m ethods 

in detail. Brooks et al. (2003) review the software packages th a t are commonly used to 

estim ate GARCH models: EVIEW S, GAUSS-FANPAC, RATS and SAS, pointing out 

how different results can be obtained from the alternative packages.

3.17 E stim ation of m odels

In this thesis, models and standard  errors were estim ated using the BHHH algorithm  after 

iterations of Simplex are applied to refine initial estimates. The Genetic algorithm  was 

then applied to ensure a global maximum was reached for each model. These estim ates 

were compared to those of the BHHH and the most appropriate model was selected. 

In order to  estim ate the Genetic algorithm  for such a large num ber of models a cluster 

of computers was used. This enabled an infinite number of models to be estim ated at 

any one tim e. A com puter cluster is a group of linked com puters, working together 

closely thus in many respects forming a single computer. The components of a cluster 

are commonly, bu t not always, connected to each other through fast local area networks. 

Clusters are usually deployed to improve performance an d /o r availability over th a t of a 

single com puter, while typically being much more cost-effective, where cost may be time, 

than  single computers of comparable speed or availability. A software called W inSCP 

(Windows Secure CoPy) was used to  transfer files between the local and the remote 

com puter using an internet connection and to manage and synchronise files. This allowed 

files to be uploaded from a personal com puter and transferred for use on the  cluster. 

P uT T Y  is software which allows for jobs to be subm itted to  the  cluster using UNIX
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commands. M ultiple jobs can be subm itted and are run on the server simultaneously 

and outpu t is obtained for all models in the tim e taken to estim ate one model using a 

single computer.

By combining the various estim ation algorithms, standard  errors can be com puted and 

a global maximum is ensured by comparing the ou tpu t from the Genetic algorithm  to 

the output from the BHHH algorithm. The param eter estim ates and standard  errors of 

the model using the BHHH algorithm are used for the analysis.

3.18 G eneralised m ethod of m om ents

Rich et al. (1991) used the generalised m ethod of moments (GMM) approach to 

estim ate ARCH models without the assum ption of normality. The estim ators are found 

to be consistent and asym ptotically normal. Pagan and Hong (1991) recommended 

estim ating both the conditional mean and conditional variance nonparam etrically since 

mis-specification in the  conditional mean may exaggerate the variation in hf,. Geweke 

(1986) suggested th a t a Bayesian approach might be more suitable for estim ating ARCH 

models due to two m ain reasons. Firslty, in the Baysian paradigm, diffuse priors can 

incorporate the inequality restrictions to ensure positivity of ht- Secondly, the main 

interest is in ht and not the individual param eters. Exact posterior distributions and 

means of ht can be obtained using M onte Carlo integration with im portance sampling.

3.19 Q uasi-m axim um  likelihood

W hen the conditional norm ality assum ption is not justified, the log likelihood function 

may be mis-specified. Bollerslev and Wooldridge (1992) introduced a different variance- 

covariance m atrix  th a t is robust to non-normality. This is known as quasi-maximum 

likelihood or QML. They investigate the properties of tim e varying models of jointly 

param eterised conditional means and conditional covariances, when a normal log- 

likelihood is maximized but the assum ption of norm ality is violated. By maximising 

the log likelihood, estim ates of the conditional m ean and variance can still be obtained 

and are referred to as quasi maximum likelihood estim ators, QM LE’s. They suggest 

a parsimonious way of computing asym ptotic standard  errors th a t are valid under
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nonnorm ahty conditions. If the first two conditional moments are correctly specified, 

^ and 7 will be consistently estim ated even if the conditional normality assum ption is 

violated, Weiss (1986).

Engle and Gonzalez-Rivera (1991) suggest the sem iparam etric ARCH model, they 

quantify the loss of efficiency of the QML, and they propose a more efficient estim ator 

based on a nonparam etric estim ated density. M onte Carlo results suggest th a t this 

improves the efficiency of the param eter estim ates by up to 50% over the QML but does 

capture the to ta l potential gain in efficiency.

Bollerslev and Wooldridge (1992) generalised the univariate ARCH results of Weiss 

(1986) to the m ultivariate GARCH case under a different set of regularity conditions. 

Lumsdaine (1990) and Lee and Hansen (1991) showed th a t the QMLE for the 

IGARCH(1,1) model has the same asym ptotic distribution as th a t of the GARCH(1,1) 

model. Engle and Gonzalez-Rivera (1991) showed th a t despite the QMLE being 

consistent and asym ptotically normal, it can be inefficient and suggested the use of 

a sem iparam etric approach. Their M onte Carlo results indicate tha t there is substantial 

gain in efficiency from using the sem iparam etric m ethod instead of the QMLE.

3.20 A lternative volatility m odels

The GARCH methodology is only one of several volatility estim ation techniques. The 

following section briefly reviews some alternative volatility models.

3.20.1 H istorical volatility

The most commonly used measure of volatility in financial analysis is standard  deviation 

(Kritzman, 1991). S tandard  deviation is com puted by measuring the difference between 

the value of each observation in a sample and the sam ple’s mean, squaring each difference, 

taking the average of the squares and then determ ining the square root of this average. 

The simplest volatility models are historical volatility models (Brooks, 2002). These 

involve calculating the variance or standard  deviation of returns in the usual way over 

some historical period. This then becomes the volatility forecast for all future periods.
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3.20.1.1 List o f sym bols

a Volatility

Z Num ber of closing prices in a year

n Num ber of historical prices used for the volatility estim ate

0* The opening price

The high

U The low

Ci The close

3.20.1.2 H istorical close-to-close volatility

Ti  =

r = + • • • r „ - i  

71 — 1
n - 1

n - 2
- r ) 2

i=l
(3.60)

(3.61)

The close-to-close volatility estim ator is simply the standard  deviation (Square root of 

the variance) of returns.

3.20.1.3 H istorical high-low volatility: Parkinson

Another m easure is the Parkinson (1980) estim ator, which do not use the close price in 

its calculation. Instead, it uses the high and low prices.

a  =
\ r?4 In 2

1 = 1

(3.62)

3.20.1.4 H istorical open-high-low -close volatility: Garman and K lass (Yang 

Zhang)

£7 = , / fE  (ha7)VKl"&)'-(2ta2-l)(lng)^ (3.63)
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Yang and Zhang (2000) derived an extension to the Garm an and Klass (1980) historical 

volatility estim ator th a t allows for opening jum ps. It assumes Brownian m otion w ith zero 

drift. This is currently the preferred version of open-high-low-close volatility estim ator 

for zero drift and has an efficiency of 8 times the classic close-to-close estim ator. W hen 

the drift is nonzero, bu t instead relative large to the volatility, this estim ator will tend 

to overestim ate the volatility.

3.20.1.5 H istorical open-high-lowf-close volatility: Garman Klass

a  = \- Er> ^ 3 ) -  (21n (3.64)

The G arm an and Klass (1980) estim ator is 7.4 times more efficient than  the close-to-close 

estim ator. It uses the high, low and close prices to estim ate volatility. It also accounts 

for the opening jum ps or gaps in the price series by using the close and previous close 

prices. However, it is more biased th a t the Parkinson (1980) estim ator.

3.20.1.6 H istorical open-high-low^-close volatility: R ogers-Satchell

In Q In g i  -h In ^  In ^ (3.65)

The Rogers and Satchell (1991) historical volatihty estim ator allows for non-zero drift, 

but assumed no opening jump.

3.20.1.7 H istorical open-high-low^-close volatility: Yang Zhang

<7̂ =  0-2 +  k a l  +  (1 -  k)al^ (3.66)

= n - i  E  (in  c t i (3.67)

/̂ O — n E l n  C i_i (3.68)

=  ^ E ( l n g - / * c ) ' (3.69)

Me =  ^ E  In §7 (3.70)

j2■̂rs =  f  E ( l n f l n §  +  l n § ^ l n ^ ) (3.71)

k _  0.34 (3.72)
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Yang and Zhang (2000) were the first to derive an historical volatility estim ator th a t has a 

minimum estim ation error, is independent of the drift, and independent of opening gaps. 

This estim ator is m aximally 14 times more efficient than  the close-to-close estim ator. It 

can be in terpreted as a weighted average of the Rogers and Satchell (1991) estim ator, 

the close-open volatility and the open-close volatility. The performance degrades to the 

classic close-to-close estim ator when the price process is heavily dom inated by opening 

jum ps.

3.20.2 H eston volatility m odel

The Heston (1993) model describes the evolution of the volatility of an underlying asset. 

It is a stochastic volatility model th a t assumes the volatility of the asset is not constant, 

nor even determ inistic, bu t follows a random  process.

3.20.3 Implied volatility

All pricing models for financial options require a volatility estim ate or forecast as an input 

(Brooks, 2002). Given the price of a traded  option obtained from transactions data, it is 

possible to determ ine the volatihty forecast over the lifetime of the option implied by the 

option’s valuation. Brooks (2002) explains th a t if the standard  Black-Scholes is used, 

the option price, the tim e to m aturity, a risk-free ra te  of interest, the strike price and the 

current value of the underlying asset, are all either specified in the details of the options 

contracts or are available from the m arket. Given all these quantities, it is possible to 

use a numerical procedure to  derive the volatility implied by the option. The implied 

volatility is the m arket’s forecast of the volatihty of underlying asset returns over the 

lifetime of the option.

3.20.4 H istorical vs. implied volatility

Kritzm an (1991) asks if it is be tter to estim ate volatility from historical observations or 

to infer it from the prices a t which options trade? K ritzm an says the answer depends 

on the quality of the inputs. If volatility is stationary through tim e and reliable prices 

are available from which to estim ate returns, then historical volatility is a reasonably 

good indicator of subsequent volatility. Over short m easurem ent intervals, nonrecurring
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events or conditions often cause volatihty to shift up or down tem porarily, so th a t 

historical volatility will over or underestim ate subsequent volatility. To the extent th a t 

the investment community recognizes the transitory  nature of these nonrecurring events, 

implied volatility may provide a superior estim ate of subsequent volatihty. In estim ating 

implied volatility, however, contem poraneous observations m ust be used for the inputs 

to the Black-Scholes formula.

3.20.5 Exponentially weighted m oving average

The exponentially weighted moving average (EWMA) is essentially a simple extension 

of the historical average volatility measure, which allows more recent observations to 

have stronger im pact on the forecast of volatility th a t older d a ta  points (Brooks, 2002). 

Under an EW M A specification, the latest observation carries th a t largest weight, and 

weights associated with previous observations decline exponentially over time. Brooks 

(2002) outlines two advantages of this over the simple historical model. F irst, volatility 

is in practice likely to be more affected by recent events, which carry more weight, than  

events further in the past. Secondly, the affect on volatility of a single given observation 

declines a t an exponential rate  as weights attached to recent events fall.

The simple historical approach could lead to an abrupt change in volatility once the 

shock falls out of the m easurem ent sample. If the shock is still included in a  relatively 

long m easurem ent sample period, then an abnorm ally large observation will imply th a t 

the forecast will rem ain at an artificially high level even if the m arket is subsequently 

tranquil. Brooks (2002) expresses the EW M A as:

OO

=  (1 -  X ]  -  r)'^ (3.73)
j=0

where cr| is the estim ate of the variance for period t, which also becomes the forecast of 

future volatility for all periods, f  is the  average returns estim ated over the observations 

and A is the decay factor which determ ines how much weight is given to recent 

observations.
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3.20.6 Stochastic volatility

Stochastic volatility models differ from GARCH principally in th a t the conditional 

variance equation of a GARCH is completely determ inistic given all information up to 

th a t of the previous point (Brooks, 2002). Stochastic volatility models contain a second 

error term , which enters the conditional variance equation.

3.20.7 Range based m odels

An alternative approach to model volatility using intra-daily da ta  is through the use of 

the range, the difference between the highest and lowest values for the day (M apa and 

de Guzma, 2004). They state  th a t while the concept of realized volatility does provide 

a highly efficient way of estim ating the unknown conditional variance, the problem 

of generating information on the price of an asset every five m inutes or so is simply 

enormous. An alternative measure is to use extreme values, the highest and lowest 

prices of an asset, to produce two intra-daily observations. The range, the difference 

between the highest and lowest log prices, is a good proxy for volatility.

3.20.8 Range based GARCH m odels

An alternative m ethod of estim ating volatility is to use the Range-Based GARCH model. 

It is similar to the GARCH model for the conditional variance but makes use of the daily 

opening, closing, high and low values of assets which are readily available (M apa and 

Beronilla, 2008). These intra-daily prices are used to compute the daily volatility of 

returns directly. The GARCH model is then applied to the range to estim ate the time- 

varying conditional variance {hf).

The range based GARCH models, as specified by (M apa and Beronilla, 2008), are given 

as:
q p

Ht =  ^  ^  (3-74)
j=l j= l

where R t =  and i id{\,4 )l) .

The tim e varying param eter is the conditional standard  deviation which is modeled 

directly from the proxy volatility of an asset R t.  There are two types of proxy volatility,
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Rt, which will enter into the Range-Based GARCH model: the Parkinson Range and the 

Garman-Klass Range.

The Parkinson Range as specified by (M apa and Beronilla, 2008), is given as;

lilog{Ht)-log{Lt)r 
— 4^ 2)—

where Ht and Lt denote, respectively, the highest and the lowest prices on day t.

The Garman-Kleiss Range is an extension of Parkinson Range where the information 

about opening, p t - i ,  and closing, pt, prices are incorporated as follows:

RcKt = ^ 0 . 5 ( ^ l o g ^ ^  -  0.39 ( ^ l o g ^ ^  (3.76)

as specified by (M apa and Beronilla, 2008).

M apa (2003) showed th a t the param eters of the Range-Based GARCH models can be 

estim ated using the QMLE procedure which produces consistent estim ators th a t are 

asym ptotically d istributed as normal.



Chapter

Volume and Volatility

4.1 Introduction

The relation between the level of trading volumes and the volatility of returns on the 

assets being traded has occupied the minds of theoretical and empirical researchers in 

finance for over half a century. Early studies of the m ixture of distributions hypothesis 

(MDH) and its implications for the volume-volatility relation in equity m arkets include 

the work of Ying (1966), Crouch (1970), Clark (1973), Epps and Epps (1976), Tauchen 

and P itts  (1983) and Harris (1986). Karpoff (1987) reviewed prior work and documented 

how eighteen of the nineteen articles published between 1964 and 1987 th a t examined the 

correlation between absolute price changes and trading volumes supported the positive 

correlation. The Tauchen and P itts  (1983) model, which combines features of both 

Clark (1973) and Epps and Epps (1976), has become the standard  version of the MDH. 

It implies th a t trading volumes respond to  a num ber of stimuli including changes in the 

rate of arrival of new information to the m arket and changes in the dispersion of opinions 

amongst traders about the implications of new inform ation for the underlying values of 

stocks. It also imphes th a t the correlation between trad ing  volume and retu rn  volatihty 

tends to rise w ith increases in the variance of the daily rate  of information flow to the 

market.

Financial researchers have also been long interested in explaining the observed asymm etry 

in stock m arket returns. Two main explanations have been advanced. Representative 

investor theories explain asymmetries either by leverage effects, whereby a drop in prices

109
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leads to volatility in subsequent returns because of increased operating an d /o r financial 

leverage (Black, 1976; Christie, 1982); by volatility feedback mechanisms which raise the 

risk premium and reduce the im pact of good news relative to bad news (French et al., 

1987; Campbell and Hentschel, 1992); and by stochastic bubble models in which the 

asym m etry is caused by the bursting of the bubble (Blanchard and W atson (1982)). 

The alternative explanation is to be found in investor heterogeneity theories, whereby 

investors differ in their opinions concerning the fundam ental values of stocks (Holthausen 

and Verrecchia, 1990; Harris and Raviv, 1993; Schalen, 1993). This heterogeneity in 

opinions is recognised in the MDH (Tauchen and P itts  (1983)) and m icrostructure (Easley 

et al. (1997)) literatures to drive the relation between trading volumes and the second 

moment of price changes, and by Chen et al. (2001) and Hutson et al. (2008) to drive 

the relation between trading volumes and the th ird  moment of price changes.

The success of the generahsed autoregressive conditional heteroscedastic (GARCH) 

model of Engle (1982) and Bollerslev (1986) and its many variants stems from its 

parsimonious representation of conditional variance in a m anner th a t is consistent with 

the stylised facts of m arket returns, such as non-norm ality of conditional densities, 

persistence in variance, and volatility clustering (Bollerslev et al. (1992), Bauwens et al. 

(2006), Carroll and Kearney (2009)). Although the precise causes of GARCH effects 

in m arket returns remains elusive, it is commonly believed th a t serial correlation and 

unevenness and clustering in the rate  of information arrival, coupled with persistent 

variations in investor opinions of its implications for the underlying values of stocks are 

all possible candidates. In this vein, GARCH-based tests of the MDH are based on 

the premise th a t if the latent information flow variable is serially correlated, it follows 

th a t trading volumes and return  volatilities should also be serially correlated, and there 

should consequently be a positive relationship between them  in the GARCH model. 

Furtherm ore, it is assumed th a t if the MDH is correct, adding trading volumes as weakly 

exogenous variables to the return  volatility equation should account for the  persistence in 

retu rn  volatilities while yielding positive and statistically significant volume coefficients, 

insignificant GARCH param eters, and residuals with no serial correlation or GARCH 

effects.

GARCH-based tests of the MDH volume-volatihty literature commenced with Lam- 

oureux and Lastrapes (1990b, 1994), and subsequent work includes Richardson and 

Sm ith (1994), Andersen (1996), Bollerslev and Jubinski (1999), Gallo and Pacini (2000),
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Omran and McKenzie (2000), Lobato and Velasco (2000), Liesenfeld (2001), Regillez and 

Zarraga (2002), Li and Wu (2006), Girard and Biswas (2007), Ane and Ureche-Rangau 

(2008), Ureche-Rangau and de Rorthays (2009) and Darolles et al. (2010). Overall, this 

literature provides mixed evidence about the extent to which trading volumes explain 

the persistence of GARCH effects in a manner that is consistent with the MDH and 

recent generalisations of it. Although there is agreement on issues such as the positive 

correlation between trading volumes and return volatilities and the possession of long 

memory in volumes and volatility, there remains divergence about the role of volumes 

in explaining volatility persistence; the extent to which both the short-run and long- 

run relations are consistent; the potential for alternative proxies for the latent rate of 

information arrival; and the appropriate roles of trading volumes in alternative GARCH 

specifications.

The post-GARCH MDH volume-volatility literature commenced with Lamoureux and 

Lastrapes (1990b) who examined the validity of the MDH using daily returns on 20 

actively traded stocks from the CBOE along with their trading volumes which were 

assumed to be weakly exogenous while proxying for the rate of daily information arrival. 

Assuming that the information arrival process is serially correlated, they inserted volume 

as a weakly exogenous variable in the conditional volatility of the returns equation. 

Constraining the parameter space of the variance equation to be non-negative, they 

showed that when volume is not included, GARCH effects are present, but when volumes 

are introduced, the GARCH effects no longer feature. They concluded tha t lagged 

squared residuals contribute little if any additional information about return volatihties 

when volume is included in the models, and tha t GARCH is consequently a manifestation 

of the daily time dependence in the rate of information arrival to the market.

In this chapter, a systematic analysis of the role of trading volumes as the proxy for 

the latent rate of information flow in GARCH-based tests of the MDH is provided. 

These tests are conducted on a set of up to 5,000 daily observations on the largest 20 

Fortune 500 firms over the period January 1988 to December 2007 in 2005. A set of 

increasingly general but nested models is estimated within which to examine the role of 

trading volumes, beginning with the AR(1)-GARCH(1,1) model with no trading volumes, 

progressing to the univariate AR(1)-GARCH(1,1)-X, the AR(1)-GARCH(1,1)-M and 

the AR(1)-GARCH(1,1)-M-X models, and culminating with the constant correlation 

bivariate AR(1)-GARCH(1,1)-M-X model. Amongst the main finding are that trading
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volumes are robustly significant and positively signed in the volatility of returns equations 

for m ost firms, acting to reduce persistence and to eliminate the need for GARCH 

term s. Progressing from the AR(1)-GARCH(1,1) to the AR(1)-GARCH(1,1)-X, AR(1)- 

GARCH(1,1)-M -X and the bivariate AR(1)-GARCH(1,1)-M-X models, the  persistence 

param eters decline from an average of 0.987 to 0.143, 0.177 and 0.141 respectively. These 

results are robust and consistent with the MDH in most cases, but not all due most likely 

to idiosyncratic risk differences among firms.

Section 2.5 of the thesis, provided a brief review the main GARCH-based tests of the 

MDH for the volume-volatility relation. This motivates the design of the system atic 

approach to incorporating trading volumes into the increasingly generalised univariate 

and bivariate GARCH models. The rem ainder of this chapter is structured  as follows. 

Section 4.2 presents the d a ta  used in this analysis. In section 4.3 the testing 

methodologies and specifications are described. The results and interpretations are 

presented in section 4.4. The final section, section 4.5, contains the conclusions and 

some suggestions for future work.

4.2 D ata

D ata

The d a ta  comprises of daily returns and trading volumes of the top 20 non-financial 

Fortune 500 firms in 2005. The models are estim ated over the sample period 1 January  

1988 to 31 December 2007, giving approxim ately 5,000 observations for each stock. 

The firms are W alm art, Exxon Mobil, General Motors, Ford M otor, General Electric, 

Cardinal Health, ConocoPhillips, International Business Machines, Hewlett-Packard, 

Home Depot, Verizon Communications, McKesson, ChevronTexaco, A ltria Group, 

Kroger, Valero Energy, Boeing, AmersourceBergen, Pfizer and P roctor & Gamble. In 

cases where d a ta  is unavailable over the full range, the available range is used. The 

tim e series plots of the returns and volumes for each company are presented in figures 

4.1 and 4.2. Table 4.1 provides the sum m ary statistics which describe the num ber of 

observations for each stock along with the skewness, excess kurtosis, the  Jarque-B era 

(J-B) test of normality, the Ljung-Box Q test for autocorrelation and the augm ented 

Dickey-Fuller test. Under the assum ption of normality, skewness and excess kurtosis 

have expected values of zero, the J-B column denotes the p-value for the null hypothesis
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th a t the data  comes from the normal distribution, and the Ljung-Box Q statistic  tests 

for autocorrelations up to 10 lags with null hypothesis th a t the d a ta  are not serially 

correlated. The Xio critical value for this test is 18.31. The order of integration of the 

data  was examined using the augmented Dickey-Fuller test. The existence of a unit root 

was easily rejected for all series a t the 1% significance level with a critical value of -3.43.
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T a b l e  4 .1 :  Summary Statistics

C o m p a n y n t V a ria b le S k e w n e s s K u r to s i s J - B Q IO A D F  t - s ta t
W al-M art Stores 5037 R eturns 0.19 2.35 <0.0001 18390.15 -71.78**

Volume 2.34 9.93 <0.0001 709.27 -27.57**
Exxon Mobil 5042 R eturns -0.03 1.39 <0.0001 30136.91 -76.02**

Volume 1.88 4.40 <0.0001 677.14 -20.92**
General M otors 5039 R eturns 0.17 3.07 <0.0001 21229.67 -71.20**

Volume 4.12 26,49 <0.0001 530.96 -24.84**
Ford M otor 5041 R eturns 0.13 2.00 <0.0001 25741.43 -75.57**

Volume 4.94 39.16 <0.0001 884.21 -22.13**
General E lectric 5042 R eturns 0.10 2.27 <0.0001 13676.54 -71.72**

Volume 2.20 7.80 <0.0001 828.996 -30.44**
Cardinal Health 5037 R etu rns -0.75 14.06 <0.0001 2036.04 -70.41**

Volume 5.28 53.07 <0.0001 108.14 -48.15**
ConocoPhillips 5042 R eturns -0.04 1.41 <0.0001 16428.62 -73.94**

Volume 2.25 10.46 <0.0001 536.98 -27.51**
IB M 5042 R eturns -0.22 4.41 <0.0001 7077.42 -72.93**

Volume 3.17 20.89 <0.0001 833.24 -34.43**
H ewlett-Packard 5042 R eturns 0.06 4.40 <0.0001 3613.64 -72.80**

Volume 3.21 18.92 <0.0001 495.40 -40.00**
Hom e Depot 5042 R eturns 0.14 1.85 <0.0001 12717.33 -68.69**

Volume 2.36 11.19 <0.0001 665.69 -31.37**
Verizon Comm . 5042 R eturns 0.09 3.36 <0.0001 17973.19 -75.15**

Volume 2.25 10.46 <0.0001 473.67 -28.23**
M cK esson 3306 R eturns 0.10 3.68 <0.0001 8174.38 -54.43**

Volume 2.65 13.38 <0.0001 536.98 -24.57**
Chevron Texaco 5044 R eturns -0.04 1.41 <0.0001 17973.19 -71.81**

Volume 2.25 10.46 <0.0001 473.67 -28.23**
A ltria  Group 5041 R eturns -0.96 14.07 <0.0001 5520.303 -71.08**

Volume 4.19 32.85 <0.0001 570.30 -35.47**
Kroger 5041 R eturns -0.40 9.76 <0.0001 10200.37 -70.12**

Volume 5.55 56.55 <0.0001 414.97 -31.48**
Valero Energy 5042 R eturns 0.22 2.21 <0.0001 23111.38 -68.64**

Volume 2.37 9.92 <0.0001 240.36 -24.34**
Boeing 5042 R eturns -0.42 7.04 <0.0001 5600.89 -69.78**

Volume 3.45 25.64 <0.0001 608.02 -36.58**
Am ersourceBergen 3208 R eturns 0.23 4.28 <0.0001 14893.11 -55.33**

Volume 3.16 14.92 <0.0001 510.38 -16.56**
Pfizer 5042 R eturns -0.15 2.79 <0.0001 7025.80 -68.95**

Volume 5.34 68.98 <0.0001 550.35 -35.29**
Proctor & Gamble 5042 R eturns 0.08 2.17 <0.0001 16158.67 -72.82**

Volume 4.74 39.30 <0.0001 354.03 -27.33**
tT h e  num ber of observations for each com pany is denoted  by n. T he A D F t- s ta t  rep o rts  th e  t-s ta tis tic  for 
th e  augm ented  D ickey-Fuller test where th e  null hypothesis is th a t the  series has a  un it root. ** indicates 
th is  te s t is rejected a t th e  1% level of significance w ith critical value -3.43
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4.2.1 Volume

It is commonly recognised th a t trading volumes display nonstationarity. Tauchen and 

P itts  (1983) explain th a t trends in the num ber of traders in a m arket over tim e can 

conceal the relation between volumes and volatility, and they suggest th a t volume- 

volatility studies should include preliminary tests for trend in the volume of trading. 

M any researchers have taken this advice, and have sought to induce stationarity  by 

removing the trend. For example, Gallant et al. (1992) removed calendar effects and the 

long term  tim e trend from the log volume series. Andersen (1996) detrended the series by 

dividing the actual trading volume for a given day by the expected value calculated using 

a nonparam etric kernel regression with a normal kernel. Bollerslev and Jubinski (1999) 

extracted  the linear trend from the turnover series as a reasonable compromise between 

com putational ease and effectiveness. Their results show th a t neither the detrending 

m ethod nor the actual process of detrending affected any of the qualitative findings and 

they show th a t the raw volume da ta  are almost identical to those reported for the linearly 

detrended volume series. Lo and Wang (2000) examined the impact of six m ethods 

of de-trending including linear and log-linear detrending, first differencing, a four-lag 

moving-average normalisation, linear-quadratic detrending and deseasonalization, and 

nonparam etric detrending by kernel regression where the bandw idth is chosen optimally 

via cross validation. They decided not to use any m ethod of detrending and conducted 

their analysis within 5-year subperiods only. Lee and Rui (2002) allowed for a nonlinear 

time trend in volume as well as a linear trend by including a quadratic tim e trend. 

Further details of this literature were described and evaluated in section 2.8. In this 

chapter, having experimented with most of these m ethods, and having examined the 

implications for the modelling results, non detrended volumes are used. The substantive 

results are robust to this choice.

Many studies such as Andersen (1996), Epps and Epps (1976), and Lamoureux and 

Lastrapes (1990, 1994) have used the individual share volume traded as the relevant 

volume variable. This m easure has been criticised by Lo and Wang (2000) among 

others, who suggest th a t the percentage turnover m easure of volume, the percentage 

of outstanding shares th a t is traded in any one period, is a more appropriate m easure of
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trading volume. Lo and Wang (2000) define turnover of stock j a t tim e i as

^  (4.1)

where X j t  is the share volume of security j a t tim e t and N j  is the to ta l num ber of shares 

outstanding of stock j. This is the chosen m easure of volume used in this analysis.

4.2.2 Outliers

Based on visual exam ination of the tim e series plot for each company, several outliers were 

observed. Observations th a t were suspected as being anomalies were investigated on a 

case by case basis initially to ascertain if they were errors in the d a ta  or a  valid recording 

of an extreme event. It became apparent th a t this technique was flawed because, as 

described in greater detail in section 2.9, visually inspecting d a ta  to identify outliers may 

not be an accurate m ethod of identifying the most influential observations. The most 

obvious outliers do not necessarily have the largest im pact on the param eter estim ates 

(Sakata and W hite, 1998). The more complex a process is, the more difficult it is to 

identify outliers visually. Estim ated residuals from a volatility process provide some 

information for detecting outliers. Outliers are identified with respect to the assumed 

model. M ethods based on selecting the largest standardised residual or observations with 

largest impact on the residual sum of squares, are not appropriate for tim e series models 

as observations are not i.i.d. W hile extreme observations may be valid observations 

and reflect the true  nature of the data, errors in the database should be removed. To 

overcome this problem, a system atic and replicable technique for investigating outliers 

was implemented. The technique used was a modification of Franses and Ghijsels (1999)’s 

m ethod of identifying and replacing additive outliers in a GARCH process. This m ethod 

is applicable to univariate models. In order to account for two series, volume and returns, 

a decision tree approach was used.

To calculate the appropriate critical value for this d a ta  set, 1000 series of n=2500 and 

n=5000 observations from a GARCH(1,1) model were generated for various ARCH and 

GARCH values. For each series, a GARCH(1,1) is estim ated and the outlier detection 

statistic  TmaxiC) is com puted to obtain an estim ate of the distribution of the TmaxiC) 

s tatistic  under the null hypothesis th a t no outliers are present. The values of n were 

selected to reflect series of various lengths in the dataset. The values of the ARCH and
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GARCH param eters chosen for the simulation where selected to reflect those values 

observed from fitting a GARCH(1,1) model to the raw data. The results of these 

simulation are given in table 4.2. For the analysis, the average of the 95th percentile for 

returns and volumes, 14.36 and 39.20 respectively, were used to identify an observation 

as a potential additive outher.

In order to account for the bivariate nature  of the data , it was necessary to somehow 

allow for the properties of both  series when identifying outliers. To do so, the decision 

tree in figure 4.3, was created. If a series, returns or volume, has an extreme value 

at the corresponding point in time in the alternative series, it is presumed not to be 

an error but instead an accurate recording of an extreme event in the tim e series. To 

account for this possibihty, an observation identified as an outlier is not considered an 

outlier if the series has a corresponding extreme value in the other series as identified 

by using the 80th percentile for this series, 11.78 for returns and 18.26 for volumes. If 

a series has an extreme observation but at the same point in tim e t, at t-1 or at t+1, 

has a corresponding extreme value in the alternative series, which may or may not be 

as extreme, it is deemed not to be an error and the original value is preserved in both 

series. The observations identified as outliers using the  decision tree are then replaced 

using the m ethod of Franses and Ghijsels (1999). The time series plots of the outlier 

adjusted returns and volumes are presented in figures 4.4 and 4.5.
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Table 4.2: Percentiles for r

(a) Returns

n=2500
alpha beta 0.80 0.90 0.95 0.99
0.01 0.90 10.204 11.308 12.157 14.289
0.01 0.91 10.232 11.236 12.243 14.130
0.01 0.92 10.198 11.184 12.117 14.316
0.01 0.93 10.310 11.403 12.338 14.208
0.05 0.90 11.626 13.118 14.441 18.008
0.05 0.91 11.602 12.790 14.604 18.940
0.05 0.92 12.059 13.437 15.151 18.120
0.05 0.93 12.857 14.403 15.965 21.235

average 11.136 12.360 13.627 16.656

(b) Returns

n=5000
alpha beta 0.80 0.90 0.95 0.99
0.01 0.90 11.203 12.423 13.342 16.016
0.01 0.91 11.197 12.192 12.966 15.380
0.01 0.92 11.146 12.136 13.006 14.886
0.01 0.93 11.146 12.277 13.118 14.959
0.05 0.90 12.875 14.085 15.567 19.182
0.05 0.91 13.263 14.816 16.409 21.469
0.05 0.92 13.849 15.377 17.265 21.665
0.05 0.93 14.736 16.786 19.080 24.564

average 12.427 13.762 15.094 18.515

(c) Volume

n=2500
alpha beta 0.80 0.90 0.95 0.99
0.10 0.80 13.137 15.286 17.129 21.119
0.15 0.80 19.256 24.237 28.776 40.146
0.20 0.70 20.110 23.971 29.755 42.543
0.25 0.65 23.951 29.374 30.091 48.465
0.25 0.70 27.230 33.883 40.383 57.678
0.30 0.50 22.233 27.983 33.176 47.287
0.30 0.65 30.149 37.178 44.988 60.525
0.35 0.60 33.956 40.770 48.033 67.603

average 23.753 29.085 34.041 48.171

(d) Volume

n=5000
alpha beta 0.80 0.90 0.95 0.99
0.10 0.80 15.071 17.129 19.369 28.891
0.15 0.80 24.744 28.776 35.220 51.633
0.20 0.70 26.599 29.755 38.588 58.593
0.25 0.65 24.744 30.091 35.220 51.633
0.25 0.70 38.907 40.383 53.967 78.202
0.30 0.50 30.285 33.177 47.412 77.019
0.30 0.65 41.453 44.988 59.526 82.410
0.35 0.60 46.454 48.034 65.640 88.739

average 31.032 34.041 44.368 64.640
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^mac.X — ^crit..>:,095

Potential OutlierNot Outlier

C o n  esponding 6 { t- l , t , t+ l )  >T„nyoso

Yes No

OutlierNot Outlier

F i g u r e  4.3: Outlier Decision Tree
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F ig u r e  4.4: Outlier Adjusted Returns
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0.1 I  

0.2

(a) Verizon Comm. Returns (b) McKesson Returns

(c) ChevronTexaco Returns (d) A ltria Group Returns

(e) Kroger Returns (f) Valero Energy Returns

(g) Boeing Returns (h) AmersourceBergen Returns

(i) Pfizer Returns (j) Proctor & Gamble Returns

F i g u r e  4.4: Outlier Adjusted Returns
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4.3 M odel specification

The model specification begins by defining yi 4 =  In(pt) — ln(pt_i) as the daily log return, 

and j/2,« as the daily trading volume on the ith stock. The level of trading volume on 

day t is defined as X\^t, and X2,t =  |yi,t| as the absolute daily return on the ith stock. 

The general form of the univariate GARCH models to be estimated for each security can 

then be written as equations (4.2) - (4.5).

2/1,t =  /5i,o +  /5 i , iy i , t - i  +  /Si,2/i(i,i)t-i +  /?i,3/i-(2,2)t-i +  (4.2)

2/2,t =  hfl  +  /52 ,l2 /2 ,t-l +  /^ 2 ,2 / l( l ,l ) t - l  +  /32 ,3 /l(2 ,2 )t-l +  (4.3)

^(l,l)t "= ®1,0 +  +  “ l,2 / i( l , l ) f - l  +  0^1,3-^1,t (4.4)

^(2,2)t =  0̂ 2,0 +  OL2,l^2,t +  ®2,2/i{2,2)t-l +  0:2,3^2,t (4-5)

Model 1: A R ( 1 ) - G A R C H ( 1 , 1 )  By setting ^1,2 =  =  h ,2 =  /32,3 =  «i,3 =  «2,3 =

0 in (4.2) - (4.5), from this the basic benchmark model with no role for trading volumes 

is obtained.

Model 2: A R ( 1 ) - G A R C H ( 1 , 1 ) - X  By setting /3i,2 =  /5i,3 =  h ,2 =  /32,3 =  0 in 

(4.2) -  (4.5), the exogenous variable X i ^ t  is introduced, denoting volumes in the variance 

equation of returns, and X 2,t (absolute returns) in the variance equation of trading 

volumes.

Model 3: A R ( 1 ) - G A R C H ( 1 , 1 ) - M  By settin g / ? i ^3 =  ^2,3 =  0 1 , 3  =  02,3 =  0 in (4.2) - 

(4.5), lagged volatility of returns is introduced into the mean equation of returns

and lagged volatility of volumes /i(2,2)t-i ii t̂o the mean equation of volumes.

Model 4- A R ( 1 ) - G A R C H ( 1 , 1 ) - X - M  By setting /3i,3 =  ^2,3 =  0 in (4.2) - (4.5), 

simultaneously Xi^t denoting volume in the variance equation of returns and X 2,t
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(absolute returns) is introduced into the variance equation of trading volumes, the lagged 

volatility of returns into the mean equation of returns, and lagged volatility of

volumes /7(2,2)«-i ii^to the mean equation of volumes.

M o d e l  5: B i v a r i a t e  A R ( 1 ) - G A R C H ( 1 , 1 ) - M - X  m o d e l  This is the most general 

specification with none of the parameters in equations (4.2) - (4.5) set to zero, and with 

both returns and volumes fully endogenous in respect of their first two moments, h[2 ,2) t - i  

is introduced into the mean equation of returns and into the mean equation of

volumes.

4.4 Results

T he  u n i v a r i a t e  G A R C H  m o d e l s

Table 4.3 gives the parameter estim ates of the basic A R (1)-G ARC H (1,1), model 1, 

for returns. All estim ated parameters are positive and significant at the 5% level of 

significance. The mean of the ARCH term, is 0.046 (with median is 0.044). The 

mean of Q2 , the GARCH term, is 0.941 (with median 0.948). All models show a high 

level of persistence with a mean value of 0.987 and median of 0.991. These values are 

similar with those obtained by Lamoureux and Lastrapes (1990a) but they observe a 

larger ARCH effect (mean =  0.102 and median =  0.066) and a smaller GARCH term 

(mean =  0.626 and median =  0.716). They level of persistence estim ated by Lamoureux 

and Lastrapes is also lower (mean =  0.728 and median =  0.807).

Table 4.5 show the coefficients of the AR(1)-G AR C H (1,1)-X , model 2, where contem po

raneous volume is inserted into the volatility equation as an exogenous variable. The a 2 

parameter was constrained to be >  0. All ARCH terms remain positive and significant 

with a mean value of 0.113 and a median of 0.109. Lamoureux and Lastrapes obtained a 

mean of 0.057 and a median of 0.037. The GARCH terms are generally now insignificant, 

and with the exception of General Electric and AmerisourceBergen^. The mean value of 

the Q! 2  in the presence of the exogenous variable is 0.30 (median =  0.00) which is also 

similar to Lamoureux and Lastrapes who estim ated a mean value of 0.016 (median =

 ̂An6 and Ureche-Rangau (2008) explain that the MDH does not apply to stocks in cases where the the 
difference in the fractional differencing parameter of volume and volatility is strongest. Trading volume 
only explains volatility persistence in stocks with a lower degree of intermittence. They suggest that 
volume and volatility share common short-term movements but their long run behaviour is fundamentally 
different.
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0.00). In the case of the exogenous variable, all 20 are positive and significant (mean =  

0.073 and median =  0.069) and result in a lower observed level of persistence having a 

mean value of 0.143 and a median of 0.109. This gives a mean reduction of 0.844 (median 

=  0.882) in the level of persistence. The coefficients of the volume param eters estim ated 

by Lamoureux and Lastrapes are greater in value (mean =  0.671 and m edian =  0.668) 

and all are positive and significant. The exogenous variable used by Lam oureux and 

Lastrapes was volume of shares traded and not turnover, as recommended by Lo and 

Wang (2000), and is the most probable cause of the observed difference in the scale of 

the estim ates, bu t results in similar reduction in persistence (mean =  0.73 and median 

=  0.57).

Table 4.7 presents the estim ated coefficients for the returns equations in the AR(1)- 

GARCH(1,1)-M, model 3, in which the lagged variance is inserted into the mean equation 

as an additional param eter. The ARCH and GARCH term s are mainly unchanged from 

the AR(1)-GA RCH(1,1) by the inclusion of the lagged variance, and the persistence is 

not reduced. In the m ajority of cases (17 companies) the P2 param eter is not significant. 

The mean a i , a 2 and / ? 3  param eters are 0.046 (median =  0.044), 0.941 (median =  0.948) 

and 0.867 (median =  0.881) respectively. These results confirm th a t the role of volumes 

in the GARCH models investigated in this analysis conforms largely to the intuition of 

Lamoureux and Lastrapes (1990), bu t th a t there are firm-level diflFerences th a t probably 

result from different profiles of idiosyncratic risk. Volume is a m easure of the amount 

of daily information th a t flows into the m arket and accounts for the uneven flow of 

information explaining the presence of GARCH effects in the data.

Table 4.9 gives the param eter estim ates for the returns equations in the AR(1)- 

GARCH(1,1)-M-X, model 4, where 0 : 2  is constrained to be >  0. This model includes 

both volume as an exogenous variable in the volatility equation and lagged variance in 

the mean equation. The results are similar to those obtained for the AR( 1)-GARCH(1,1)- 

X and AR(1)-GARCH-M  models. The inclusion of the volume in the volatility equation 

results in the lagged variance being significant in ju st 2 of the GARCH-M terms. The 

mean of o i , a 2 , and P2 are 0.099 (median =  0.110), 0.096 (median =  0.000), 0.069 

(median =  0.069) and 0.896 (median =  0.90) respectively. The average persistence is 

0.177 (median =  0.111). The result suggests th a t returns are highly persistent, and in 

the m ajority  of cases, the inclusion of volume as an exogenous variable is positive and 

significant and results in lower levels of persistence. The inclusion of volatility in the mean
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equation generally has no effect. This may be consistent w ith the prior literature th a t 

suggests th a t lagged volume is not significant in GARCH models, and as lagged volume 

is included in the lagged volatility, contemporaneous volatility in the mean equation may 

be more suitable.

Each of the univariate models are also fitted to the volumes for each firm. Table 4.4 

presents the results of the AR(1)-GARCH(1,1) model for volumes. All firms have positive 

and significant ARCH and 18 display positive and significant GARCH term s and 8 firms 

display explosive variance. Compared to  the equivalent model for returns, volumes have 

larger a \  coefficients (mean =  0.241 and median =  0.208) and smaller 0 2  coefficients 

(mean =  0.612 and median =  0.594). The estim ated persistence is high with a mean value 

of 0.853 (median =  0.985). Table 4.6 presents the results of the AR(1)-GARCH(1,1)-X for 

volumes, and tests the extent to which absolute returns influence the ARCH and GARCH 

term s for volumes. The « 3  coefficient is positive and significant in all 20 of the firms and 

has a mean value of 0.000121 (median =  0.000018). In all bu t 2 firms, the persistence 

is reduced, w'ith an average reduction of 0.279 and only 3 firms now display explosive 

variance. Unlike in the volatility of returns model, the GARCH effects rem ain significant 

(with the exception of Boeing). Absolute returns do not explain GARCH effects in 

volumes. Table 4.8 estim ates the AR(1)-GARCH(1,1)-M  for volumes. The results show 

that for 15 firms, lagged volatility of volumes provides significant information about the 

level of future volumes. Finally, table 4.10 provides the results of the AR(1)-GARCH- 

M-X model for volumes, and the results are consistent with those of Tables 4.6 and 4.8. 

In the m ajority of cases, both  lagged variance and absolute returns are positive and 

significant, ARCH and GARCH effect rem ain in the model and persistence is reduced 

(mean =  0.574, median =  0.462) but not to as great an extent as observed in the models 

for returns.

From these findings, it is concluded th a t volatility in volumes displays significant and 

highly persistent GARCH effects. Information about absolute returns does not eliminate 

the GARCH effects and both lagged volumes and lagged volatility of volumes provides 

significant information about future levels of volumes. It is with considerable interest th a t 

focus is now turned to  consider the bivariate GARCH specifications th a t simultaneously 

model the volumes and returns.
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The constant correlation bivariate A R(1)-G ARCH (1 ,1 )-M -X .

The constant correlation bivariate AR(1)-GARCH(1,1)-M -X model shows the relation

ship between the level of returns and trading volumes for each firm, including the 

effects of not only its own lagged variance, bu t the variance of the other series also. 

More specifically, the bivariate model provides information about the volume-volatility 

relationship in two additional ways; by allowing past volatility of volumes to provide 

information about mean returns, and by also allowing the lagged volatility of returns to 

provide information about the mean of volumes. It is of considerable interest to examine 

the extent to which allowing trading volumes to be endogenous carries implications for 

the GARCH effects in the returns in a m anner th a t is consistent with the  tenets of the 

MDH. The constant conditional correlation version of this model is used because it is 

relatively simple to estim ate and it is efficient in term s of com putational resources in 

comparison to other m ultivariate GARCH models. This is an im portant criterion when 

studying firm-level data. As described in section 3.16, models are first estim ated with 

the Simplex algorithm  (a derivative free m ethod th a t can compute point estim ates of 

the coefficients bu t not the standard  errors) as a preliminary estim ation technique to 

refine initial param eter values before switching to the BFGS algorithm (a hill climbing 

technique for maximizing twice differentiable functions. They are also compared to the 

model as estim ated by the Genetic algorithm  to ensure a global maximum is reached.

The results are seen to  be very similar to those obtained from the univariate volatility 

models. Some differences are expected in param eter estim ates and p-values due to 

convergence being achieved in varying numbers of iterations, and due to  different initial 

values, but the main findings rem ain unchanged. The average persistence for the 

volatility of returns is 0.141 compared to 0.177 for the corresponding univariate model. 

The average persistence for the volatility of volumes is 0.579 compared 0.574 for the 

corresponding univariate model.

The return  equations in the constant correlation bivariate AR(1)-GARCH(1,1)-M-X 

model do, however, show some difference to  those of the univariate mean models. The 

m ain difference is th a t now, in the m ajority of cases (13 firms), past returns are significant 

in predicting future returns. Lagged volatility of both  volume and returns do not provide 

significant information about mean returns. Lagged volatility of returns provides more 

information about mean volumes in 12 firms, bu t the m ajority  of lagged volatility of 

volumes have no significant relationship with mean volumes. Overall, this analysis reveals
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th a t the univariate GARCH-X model provides the most suitable model for estim ating 

persistence and testing the applicability of the MDH, but to  further understand the 

volume-volatility relationship, particularly relating to the mean equations, the bivariate 

model provides a more complete representation of the relationship while incorporating 

all the information of the univariate model. The summ ary and conclusions are presented 

in the next section.
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Table 4.3; The basic GARCH(1,1) model for returns

C o m p a n y Ql Q2 Q l -/-Q2

W al-M art Stores 0.035 0.962 0.996
(7.61) (187.05)

E xxon Mobil 0.040 0.950 0.9903
(7.06) (122.20)

General M otors 0.048 0.935 0.983
(7.62) (107.15)

Ford M otor 0.036 0.958 0.993
(6.76) (146.16)

General Electric 0.034 0.963 0.997
(7.99) (213.93)

Cardinal Health 0.090 0.845 0.935
(4.79) (25.79)

ConocoPhillips 0.045 0.937 0.982
(7.33) (89.20)

IB M 0.033 0.964 0.996
(6.36) (173.68)

H ew lett-Packard 0.017 0.981 0.997
(8.15) (408.34)

H om e Depot 0.045 0.948 0.993
(6.87) (119.23)

Verizon Comm. 0.041 0.954 0.995
(6.25) (120.06)

M cK esson 0.020 0.979 0.998
(6.34) (289.69)

ChevronTexaco 0.046 0.934 0.981
(8.87) (193.45)

A ltria  Group 0.055 0.934 0.989
(7.97) (115.73)

Kroger 0.087 0.893 0.980
(5.22) (39.81)

Valero Energy 0.044 0.946 0.990
(8.01) (133.96)

Boeing 0.043 0.948 0.991
(8.13) (143.49)

A m ersourceBergen 0.081 0.895 0.975
(50.09) (787.96)

P fizer 0.048 0.937 0.985
(6.50) (92.17)

Proctor & Gamble 0.029 0.966 0.995
(8.14) (217.89)

M e a n 0.046 0.941 0.987
M e d ia n 0.044 0.948 0.991

Notes. T h is tab le  rep o rts th e  estim ates for th e  basic 
G A R C H (1,1) m odel of re tu rn s in equations 4.2 -4.5 
in th e  te x t, w ith the  p a ram ete r space in th e  variance 
equation  unconstrained. A sym ptotic  t-s ta tis tic s  are 
presented  in brackets.
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Table 4.4: The basic GARCH(1,1) model for volumes

C o m p a n y ax 012 Qi +a2
W al-M art Stores 0,025 0.971 0.997

(8.39) (267.26)
E xxon Mobil 0.077 0.886 0,963

(6.41) (51.05)
General M otors 0,100 0.920 1.020

(13.52) (194.38)
Ford M otor 0,078 0.928 1,006

(11.22) (161.84)
General Electric 0.248 0.583 0.830

(9.49) (14.94)
Cardinal Health 0.224 0.435 0.659

(7.52) (7.26)
ConocoPhillips 0.030 0.976 1.005

(11.71) (516.46)
IB M 0.209 0.794 1.003

(5.85) (23.83)
H ew lett-Packard 0.284 -0.009* 0.275

(8.23) (-0.46)
H om e Depot 0.453 0.584 1,036

(57.41) (189.77)
Verizon Comm . 0.574 0.370 0.943

(13.68) (9.14)
M cK esson 0.669 0.3117 0.981

(6.231) (4.98)
ChevronTexaco 0.054 0.935 0.989

(8.12) (116,46)
A ltria  Group 0,322 0.277 0.599

(9.66) (3.47)
Kroger 0,141 0.859 1.000

(11,51) (118.80)
Valero Energy 0.188 0.832 1.021

(11.80) (67.61)
Boeing 0.177 0.402 0.578

(7.57) (9.79)
A m e r  source Bergen 0.301 0.579 0.880

(6.63) (20.97)
P fizer 0.458 0.605 1.063

(13.18) (25.29)
P roctor & Gamble 0.207 0.008* 0.215

(4.84) (0.32)

M ean 0,241 0,612 0.853
M edian 0.208 0.594 0.985

Notes. T h is tab le  reports the  estim ates for th e  basic 
G A R C H (1,1) m odel of volumes in equations 4.2 -4.5 
in th e  tex t, w ith th e  param eter space in th e  variance 
equation  unconstrained. A sym ptotic  t-s ta tis tic s  are 
presented in brackets.
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Table 4.5: The GARCH(1,1)-X model for returns

C o m p a n y Q l »2 OC3 Oil-^Ct2
W al-M art Stores 0.113 0.000* 0.172 0.113

(5.79) (0.00) (38.20)
Exxon M obil 0.084 0.000* 0.111 0.084

(5.71) (0.00) (39.76)
General M otors 0.065 0.000* 0.036 0.065

(4.27) (0.00) (14.36)
Ford M otor 0.095 0.000* 0.072 0.095

(5.41) (0.00) (14.44)
General Electric 0.121 0.076 0.098 0.198

(6.11) (3.64) (25.29)
Cardinal Health 0.147 0.030* 0.039 0.177

(6.21) (1.05) (19.29)
ConocoPhillips 0.102 0.000* 0.050 0.102

(5.77) (0.00) (14.83)
IB M 0.069 0.000* 0.055 0.069

(4.89) (0.00) (41.20)
H ew lett-Packard 0.061 0.000* 0.134 0.061

(4.32) (0.00) (39.67)
Home Depot 0.144 0.000* 0.090 0.144

(8.04) (0.00) (19.49)
Verizon Comm . 0.169 -0.035* 0.106 0.134

(11.18) (o.no) (50.92)
M cK esson 0.1094 0.000* 0.064 0.109

(5.317) (0.000) (27.76)
ChevronTexaco 0.036 0.000* 0.072 0.036

(2.45) (0.00) (20.95)
A ltria  Group 0.083 0.000* 0.021 0.083

(5.48) (0.00) (40.89)
Kroger 0.129 0.000* 0.065 0.129

(7.27) (0.00) (18.42)
Valero Energy 0.139 0.000* 0.030 0.139

(7.44) (0.00) (16.29)
Boeing 0.063 0.000* 0.066 0.063

(4.31) (0.000) (39.98)
Am ersourceBergen 0.303 0.531 0.008 0.833

(10.05) (9.68) (5.16)
P fizer 0.116 0.000* 0.091 0.116

(6.26) (0.00) (37.71)
Proctor & Gamble 0.108 0.000* 0.079 0.108

(5.64) (0.00) (20.28)

Mean 0.113 0.030 0.073 0.143
M edian 0.109 0.000 0.069 0.109

Notes. This table reports the estimates for the GARCH(1,1)-X 
model of returns, with the param eter space in the variance equa
tion constrained to  be non-negative. Asymptotic t-statistics are 
presented in brackets. An * indicates insignificant at the 5% 
level
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Table 4.6: The GARCH(1,1)-X model for volumes

C o m p a n y a i Q2 Q 3 011+012
W al-M art Stores 0.388 0.280 0.000 0.668

(15.07) (9.59) (13.57)
E xxon Mobil 0.347 0.288 0.000 0.634

(14.47) (11.59) (15.17)
General M otors 0.100 0.917 0.000 1.017

(15.09) (208.42) (7.59)
Ford M otor 0.105 0.899 0.000 1.004

(9.12) (86.05) (4.79)
General Electric 0.308 0.162 0.000 0.469

(14.28) (5.49) (18.59)
Cardinal Health 0.437 0.185 0.000 0.622

(12.29) (5.43) (19.72)
ConocoPhitlips 0.274 0.241 0.000 0.515

(11.89) (7.84) (20.90)
IB M 0.171 0.208 0.000 0.378

(8.56) (8.38) (26.89)
Hew lett-Packard 0.176 0.042 0.000 0.219

(9.36) (3.20) (29.09)
H om e Depot 0.447 0.324 0.000 0.770

(14.33) (14.54) (20.77)
Verizon Comm . 0.457 0.181 0.000 0.638

(14.81) (6.52) (16.20)
M cK esson 0.990 0.123 0.0004 1.113

(16.66) (5.08) (18.15)
ChevronTexaco 0.255 0.347 0.000 0.602

(12.13) (9.84) (16.48)
Altria  Group 0.265 0.088 O.OOl 0.352

(11.83) (5.65) (29.71)
Kroger 0.233 0.306 0.000 0.539

(11.78) (13.09) (24.71)
Valero Energy 0.302 0.652 0.000 0,954

(12.49) (24.93) (9.53)
Boeing 0.175 0.016* 0.000 0.191

(9.70) (0.87) (26.92)
Am ersourceBergen 0.140 0.053 0.002 0.193

(6.06) (2.70) (53.42)
P fizer 0.195 0.051 0.000 0.247

(9.35) (2.88) (27.80)
Proctor & Gamble 0.267 0.084 0.000 0.351

(10.32) (4.29) (25.10)

M ean 0.301 0.272 0.00 0.574
M edian 0.266 0.197 0.00 0.463

Notes. T h is tab le  reports th e  estim ates for th e  G A R C H (1,1)- 
X m odel of volumes, w ith th e  p a ram ete r space in th e  vari
ance equation  constrained to  be non-negative. A sym pto tic  t- 
sta tis tics  are presented in brackets. An * indicates insignificant 
a t the  5% level. An * indicates insignificant a t th e  5% level
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Table 4.7: The GARCH(1,1)-M model for returns

C o m p a n y Ql Ct2 Ql -/-Q2 0 2
W al-M art Stores 0.035 0.961 0.996 2.293*

(8.14) (200.69) (1.75)
E xxon Mobil 0.040 0.950 0.990 0.888*

(7.47) (130.98) (0.38)
General M otors 0.048 0.935 0.983 0.095*

(29.49) (397.87) (0.92)
Ford M otor 0.035 0.958 0.994 1.373*

(8.25) (173.28) (0.92)
General Electric 0.034 0.963 0.997 1.096*

(8.28) (214.17) (0.74)
Cardinal Health 0.094 0.837 0.932 3.214*

(5.48) (28.22) (2.08)
ConocoPhillips 0.046 0.935 0.981 1.365*

(7.60) (87.45) (0.58)
IB M 0.033 0.964 0.996 0.770*

(6.28) (168.33) (0.57)
H ew lett-Packard 0.017 0.981 0.997 -0.796*

(8.09) (392.40) (-0.68)
H om e Depot 0.045 0.948 0.993 2.273*

(7.13) (123.39) (1.69)
Verizon Com m . 0.041 0.953 0.995 0.316*

(6.27) (124.27) (0.21)
M cK esson 0.020 0.979 0.998 -0.172*

(7.97) (362.9) (-5.17)
ChevronTexaco 0.046 0.934 0.981 -1.297*

(6.41) (78.07) (-0.48)
A ltria  Group 0.055 0.934 0.989 -1.241*

(7.83) (108.06) (-0.98)
Kroger 0.089 0.890 0.979 1.452*

(5.58) (42.66) (1.20)
Valero Energy 0.044 0.946 0.990 0.855*

(8.46) (144.12) (0.66)
Boeing 0.043 0.948 0.991 -0.594*

(10.42) (274.47) (-0.41)
Am ersourceBergen 0.081 0.896 0.976 0.874*

(7.14) (55.71) (0.72)
P fizer 0.049 0.937 0.985 3.317

(6.77) (96.90) (2.02)
Proctor & Gamble 0.030 0.965 0.995 1.262*

(7.42) (196.80) (0.64)

M ean 0.046 0.941 0.987 0.867
M edian 0.044 0.948 0.991 0.881

Notes: T his tab le  rep o rts th e  estim ates for th e  GA RCH(1,1)-M  
m odel of re tu rns. An * indicates insignificant a t th e  5% level
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Table 4.8: The GARCH(1,1)-M model for volumes

C o m p a n y a i Ct2 a i  -hoc2 02
W al-M art Stores 0.024 0.974 0.998 558.689

(12.34) (601.17) (14.03)
E xxon Mobil 0.040 0.949 0.989 759.002

(24.11) (960.88) (14.48)
General M otors 0.091 0.928 1.018 20.159

(14.39) (257.44) (11.55)
Ford M otor 0.061 0.944 1.005 44.012

(11.91) (224.99) (14.60)
General E lectric 0.209 0.652 0.862 87.839

(8.60) (16.69) (6.34)
Cardinal Health 0.064 0.857 0.921 28.939

(6.32) (52.85) (4.28)
Conoco Phillips 0.030 0.975 1.006 53.223

(13.87) (79.21) (17.61)
IB M 0.059 0.944 1.004 58.129

(71.21) (28.52) (9.52)
H ew lett-Packard 0.279 -0.047 0.231 -30.630

(8.36) (-3.37) (-4.13)
Hom e Depot 0.439 0.594 1.033 8.38*

(10.07) (22.91) (1.78)
Verizon Comm . 0.578 0.365 0.943 -6.486*

(13.09) (8.43) (-0.68)
M cK esson 0.657 0.318 0.974 -2.326*

(5.278) (3.898) (-1.121)
Chevron Texaco 0.038 0.957 0.995 351.38

(10.161) (25.22) (13.41)
A ltria  Group 0.324 0.270 0.593 -0.690*

(10.16) (3.56) (-0.27)
Kroger 0.139 0.860 0.999 26.746

(12.17) (122.26) (10.31)
Valero Energy 0.125 0.887 1.012 23.533

(9.62) (83.78) (9.67)
Boeing 0.183 0.388 0.571 -11.292*

(7.46) (8.91) (-0.85)
Am ersourceBergen 0.298 0.577 0.875 0.207*

(7.17) (22.10) (0.12)
Pfizer 0.442 0.618 1.060 13.859

(13.66) (28.64) (93.821)
P roctor & Gamble 0.205 0.011* 0.215 1.134*

(4.72) (0.40) (0.26)

M ean 0.214 0.651 0.865 0.865
M edian 0.161 0.755 0.992 0.916
Notes: T his tab le  reports th e  estim ates for th e  G A R C H (1,1)-M  
m odel of volumes. An * indicates insignificant a t th e  5% level
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Table 4.9: The GARCH(1,1)-M-X model for returns

C o m p a n y Ql 012 Q3 a i+ Q 2 02
W al-M art Stores 0.117 0.000* 0.171 0.117 2.448*

(5.87) (0.00) (16.52) (1.90)
E xxon Mobil 0.083 0.000* 0.115 0.083 1.868*

(4.92) (-0.65) (20.23) (1.13)
General M otors 0.064 0.000* 0.036 0.064 -1.068*

(4.17) (0.000) (13.65) (-0.90)
Ford M otor 0.096 0.000* 0.072 0.096 -0.038*

(5.80) (0.00) (14.99) (-0.04)
General Electric 0.14.5 0.157 0.097 0.302 1.846*

(7.08) (4.52) (26.80) (1.09)
Cardinal Health 0.145 0.033* 0.039 0.177 2.182*

(5.37) (1.00) (16.49) (2.043)
ConocoPhillips 0.100 0.000* 0.050 0.100 2.407*

(5.92) (0.00) (14.67) (1.31)
IB M 0.064 0.000* 0.158 0.064 0.889*

(4.32) (0.00) (33.90) (0.93)
H ew lett-Packard 0.064 0.000* 0.157 0.064 0.910*

(4.56) (0.00) (35.08) (0.95)
H om e Depot 0.145 0.000* 0.089 0.145 1.032*

(7.98) (0.00) (19.36) (0.90)
Verizon Comm . 0.178 0.000* 0.101 0.178 0.232*

(8.60) (0.00) (18.31) (0.17)
M cK esson 0.111 0.000* 0.064 0.111 0.987*

(5.18) (0.00) (27.87) (1.49)
ChevronTexaco 0.036 0.000* 0.072 0.036 0.087*

(2.54) (0.00) (21.80) (0.04)
A ltria  Group 0.078 0.000* 0.025 0.078 -0.604*

(4.79) (0.00) (36.94) (-0.45)
Kroger 0.127 0.000* 0.066 0.127 2.698*

(6.94) (0.00) (8.30) (2.31)
Valero Energy 0.138 0.000* 0.030 0.138 0.910*

(7.47) (0.00) (16.64) (0.92)
Boeing 0.064 0.000* 0.158 0.064 0.889*

(4.32) (0.00) (33.90) (0.93)
Am ersourceBergen 0.303 0.529 0.008 0.993 0.444*

(10.11) (9.58) (5.01) (0.47)
P fizer 0.117 0.000* 0.097 0.117 0.736*

(6.35) (0.00) (20.14) (0.59)
P roctor & Gamble 0.109 0.000* 0.079 0.109 0.797*

(5.76) (0.00) (20.08) (0.53)

M ean 0.099 0.096 0.069 0.177 0.896
M edian 0.110 0.000 0.069 0.111 0.900

Notes: T h is tab le  rep o rts th e  estim ates for th e  GARCH(1,1)-M -X 
m odel of re tu rn s . An * indicates insignificant a t th e  5% level
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Table 4.10; The GARCH(1,1)-M-X model for volumes

C o m p a n y Otl Q2 a s O i  ~hCt2 02
W al-M art Stores 0.386 0.264 0.000 0.649 -57.001

(16.31) (9.56) (15.02) (-2.06)
Exxon Mobil 0.348 0.288 0.000 0.636 30.769*

(15.86) (17.58) (16.98) (1.00)
General M otors 0.090 0.924 0.000 1.015 21.041

(18.06) (248.13) (8.30) (10.98)
Ford M otor 0.067 0.936 0.000 1.002 44.258

(10.49) (164.63) (4.88) (13.69)
General Electric 0.308 0.162 0.000 0.469 -0.013*

(23.76) (30.34) (62.96) (-0.00)
Cardinal Health 0.444 0.195 0.000 0.639 7.170

(12.29) (6.70) (23.32) (3.36)
Conoco Phillips 0.280 0.210 0.000 0.490 -39.096

(12.57) (7.40) (23.05) (-3.90)
IB M 0.164 0.216 0.000 0.380 12.910*

(8.37) (8.08) (28.45) (1.19)
H ewlett-Packard 0.179 0.032 0.000 0.211 -31.059

(9.73) (2.25) (30.43) (-3.69)
Home Depot 0.443 0.321 0.000 0.764 14.078

(14.38) (14.19) (20.06) (2.60)
Verizon Comm. 0.453 0.183 0.000 0.637 -17.997*

(14.60) (6.78) (16.05) (-1.34)
M cK esson 1.027 0.120 0.000 1.147 1.353*

(16.43) (4.81) (18.07) (1.11)
ChevronTexaco 0.254 0.348 0.000 0.602 -0.041*

(13.23) (17.94) (15.72) (-0.002)
A ltria  Group 0.264 0.088 0.001 0.352 -0.390*

(12.86) (5.71) (31.79) (-0.19)
Kroger 0.236 0.290 0.000 0.527 -16.021

(12.31) (11.56) (24.93) (-2.34)
Valero Energy 0.144 0.846 0.000 0.990 22.962

(8.22) (46.34) (6.98) (7.88)
Boeing 0.175 0.016* 0.000 0.191 0.380*

(10.04) (0.97) (27.72) (0.05)
Am ersourceBergen 0.141 0.049 0.002 0.190 -2.163*

(6.53) (2.49) (25.97) (-1.10)
P fizer 0.191 0.051 0.000 0.242 -38.356

(9.08) (2.77) (30.88) (-3.17)
P roctor & Gamble 0.269 0.087 0.000 0.356 -6.908*

(11.68) (4.18) (25.89) (-1.05)

M ean 0.293 0.281 0.00 0.574 -2.706
M edian 0.259 0.203 0.00 0.462 -0.027

Notes: T his tab le  reports the  estim ates for th e  GA RCH(1,1)-M -X 
m odel of re tu rns. An * indciates insignificant a t th e  5% level
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T a b l e  4 .1 1 :  Summary of Coefficients in the Univariate GARCH Models

G A R C H (1 ,1 )
Sig.] Mean Median Sig.

G A R C H -X
Mean Median

G A R C H -M
Sig. Mean Median Sig

G a rc h -M -X
Mean Median

Returns

01,0 17 0.001 0.001 10 0.001 0.001 5 0.001 0.001 1 0.001 0.001
P i.i 3 -0.05 -0.04 7 -0.05 -0.05 11 -0.03 -0.03 11 -0.06 -0.05
a i , o 20 0.000 0.000 19 0.000 0.000 20 0.000 0.000 13 0.000 0.000

20 0.044 0.042 20 0.087 0.083 20 0.044 0.042 20 0.290 0.000
a i , 2 20 0.944 0.949 20 0.244 0.000 20 0.943 0.949 18 0.088 0.081

0 1 , 1  +  « 1 , 2 0.987 0.991 0.143 0.109 0.987 0.991 0.177 0.111

« 1 , 3 15 0.076 0.066 15 0.080 0.072
Pl.2 2 2.942 3.214 2 2.153 2.315

Volumes

02,0 20 0.001 0.001 20 0.001 0.001 20 0.001 0.001 20 0.001 0.001
02,1 20 0.704 0.691 20 0.734 0.722 20 0.657 0.654 20 0.710 0.704
« 2 , 0 18 0.000 0.000 15 0.000 0.000 20 0.000 0.000 20 0.000 0.000
0 :2 ,1 20 0.209 0.183 20 0.253 0.249 20 0.182 0.108 20 0.239 0.213
« 2 , 2 18 0.720 0.832 19 0.426 0.288 20 0.723 0.873 19 0.444 0.288

OL2,l +  a 2 , 2 0.853 0.985 0.574 0.463 0.865 0.916 0.574 0.462

0^2,3 17 0.000 0.000 18 0.000 0.000
02,2 15 144.788 58.129 7 67.022 44.258

t  T h e Sig  colum n gives the num ber o f  significant param eters which have th e  dom inant sign for each param eter. T h e  m ean and  
m edian are calcu lated  for these significant term s only. W here the sam e number of positive and negative significant term s occur, 
th e  positive coeffic ients are used.
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Table 4.12: The Bivariate CCC-AR(1)-GARCH(1,1)-M-X
model

C o e f f i c i e n t S u m m a r y A v e r a g e M e d i a n
01.0 3 (  +  ) 0.000 0.000
02,0 17 (+ ) 0.000 0.001
01,1 13 (-) -0.037 -0.037
02,1 17 (+ ) 0.308 0.771
01,2 16 (NS) 1.208 1.122
02,2 12 (-) 4.083 -0.954
01,3 17 (NS) -21.522 0.781
02,3 10 (NS) -0.481 7.068

«1,0 16 (+ ) 0.000 0.000
02,0 17 (+ ) 0.000 0.000

20 (+ ) 0.093 0.092
<12.1 20{+) 0.301 0.260
<11,2 8{+) 0.048 0.000
02,2 19(+) 0.279 0.212
0 1 , 3 17(+) 0.078 0.076
0 2 , 3 17(+) 0.000 0.000

a i , l  +  <12,1 0.141 0.104
012.1 +  012.2 0.579 0.571

Notes: This table reports the estimates for 
the CCC-AR{1)-GARCH{1,1)-M-X model of 
returns and volumes. The parameter space
in the variance equations are constrained.
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4.5 Sum m ary and conclusions

The relation between the level of trading volumes and the volatility of returns on the 

assets being traded has important implications for the validity of the MDH according 

to which trading volumes respond to changes in the rate of arrival of new information 

to the market and to changes in the dispersion of opinions amongst traders about the 

implications of new information for the underlying values of stocks. The success of 

GARCH models stems from their parsimonious representations of conditional variance 

in a way that is consistent with the stylised facts of market returns such as persistence in 

variance and volatility clustering. Although the precise causes of GARCH effects remain 

elusive, it is commonly believed that unevenness and clustering in the rate of information 

arrival together with variations in investor opinions of its implications for the underlying 

values of stocks are popular candidates. GARCH-based tests of the MDH, as reviewed in 

detail in section 2.6, have examined the extent to which the addition of trading volumes 

to the return volatility equation can account for persistence in the return volatilities 

while yielding positive and statistically significant volume coefficients and insignificant 

GARCH parameters. Overall, the literature provides mixed evidence about the extent 

to which trading volumes explain the persistence of GARCH effects in a manner that 

is consistent with the MDH, and about the most appropriate way to model the roles of 

trading volumes in alternative GARCH specifications.

In this paper, the roles and effects of trading volumes are examined in an increasingly 

generalised set of GARCH models, beginning with AR(1)-GARCH(1,1) model with 

no trading volumes; progressing to the univariate AR(1)-GARCH(1,1)-X; AR(1)- 

GARCH(1,1)-M; and AR(1)-GARCH(1,1)-M-X models, and culminating with the 

constant correlation bivariate AR(1)-GARCH(1,1)-M-X model. Amongst the main 

finding are that, similar to Lamoureux and Lastrapes (1990), trading volumes are 

robustly significant and positively signed in the volatility of returns equations, acting 

to reduce persistence and eliminate the need for GARCH terms. Progressing from 

the AR(1)-GARCH(1,1) to AR(1)-GARCH(1,1)-X, AR(1)-GARCH(1,1)-M-X and the 

bivariate AR(1)-GARCH(1,1)-M-X models, the persistence parameters decline from an 

average of 0.987 to 0.143, 0.177 and 0.141 respectively. These results are robust and 

consistent with the MDH in most cases, but not all due to idiosyncratic differences 

among firms.
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GARCH reflects the uneven but persistent flow of information into the market and 

in most cases trading volume captures the vast majority of this eff'ect, confirming 

the results of Lamoureux and Lastrapes (1990a). Both volume and volatility appear 

to be subordinate to the same latent information arrival process. Gallo and Pacini 

(2000) find tha t contemporaneous volume in a GARCH(1,1)-X model best captures 

the persistence in volatility when compared to an EGARCH(1,1)-X specification using 

alternative volume proxies, both in contemporaneous and lagged form. The findings 

of this analysis are consistent with Gallo and Pacini (2000) in so far as both studies 

find that the GARCH(1,1)-X is the most appropriate model for stock return volatility. 

Omran and McKenzie (2000) suggest that the association in the timing of outhers could 

explain the reduction in volatility persistence of the GARCH model when volume of 

trade is introduced in the conditional volatility. They explain that conditioning stock 

returns on volume removes the effect of innovational outliers on stock returns and reduces 

the persistence in volatility but does not eliminate the need for GARCH modelling of 

returns. The analysis in this chapter was conducted by removing observations deemed to 

be additive outliers where no corresponding additive outlier was identified in the volume 

series. That is, an observation identified as an additive outlier is not considered to be an 

additive outlier when an observation is identified as an additive outlier in corresponding 

volume series in the window { t-l,t+ l} . The conclusions of Omran and McKenzie (2000) 

are based on the theory of Tsay (1986) that outliers increase volatility persistence based 

on the residuals of an AR model. Research that focuses specifically on the effect of 

outliers on GARCH models finds that the presence of outliers increases ARCH effects 

and decreases GARCH effects (Hotta and Tsay, 1998; Franses and Ghijsels, 1999; Franses 

and van Dijk, 1999). Therefore, removing outliers should lead to lower ARCH effects 

and higher GARCH effects. The addition of volume as an exogenous variable in the 

volatility of returns equation in fact leads to higher ARCH and lower GARCH coefficients. 

This finding is contradictory to Omran and McKenzie (2000) and does not suggest that 

removing the effect of outliers on stock returns by conditioning them on volume is the 

source of the observed reduction in the persistence of volatility.

Liesenfeld (2001) states that failure of the information arrival process to completely 

account for the high persistence in the volatility process and the non-homogeneous 

volume-volatility dynamics suggests the existence of additional serially correlated factors. 

The heterogeneity in the joint volume-volatility dynamics may reflect the fact that the
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pure num ber of information arrivals is not the only factor directing the dynamics of 

volume and volatility and this induces the observed high persistence in the volatility 

process. Liesenfeld suggests th a t it is necessary to allow for further time-varying and 

possibly serially correlated factors directing volume and volatility in addition to the 

num ber of information arrivals. This possibility is explored in chapter 5.



Chapter

Volume, Volatility and Sentiment

5.1 Introduction

In this chapter, the relationship between volume, volatility and sentiment is examined. 

The latter comprises of three variables: the number of words printed in the New 

York Times which relate to the economy, a negative sentiment variable and a positive 

sentiment variable. A daily index of sentiment is constructed from the New York Times 

and used to test the mixture of distributions hypothesis and investigate the source of 

GARCH effects. The number of words is used as a proxy for the flow of information 

into the market on a given day. The negative sentiment variables and positive sentiment 

variables aim to capture the feeling or mood of the market on a given day. Building 

on the work in previous chapters, the relationship between volume, volatility and the 

information arrival process is directly tested by replacing the latent variable of the 

standard mixture model of Tauchen and P itts (1983) by an observable variable, the daily 

number of words of economic significance printed in the New York Times. The aim of 

this chapter is namely to investigate if the inclusion of these additional serially correlated 

variables reduces the persistence observed in the GARCH model of the volatility of 

returns, either alone or over and above that of the inclusion of volume solely as an 

exogenous variable. In order to do so, the analysis returns to the origin of the MDH 

as applied to volatihty of returns by Clark (1973). New predictions for the distribution 

of the three new variables are proposed and tested based on Harris (1986). A new 

aspect of the sentiment-volatility relationship is investigated by examining the dynamic

147
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equicorrelation of returns. Finally, the impact of these variables on the persistence of 

GARCH effects in the volatihty of returns is investigated.

The sentiment variable is created for the market as a whole and is not company 

specific. Four main questions are addressed. Firstly, does sentiment increase as volatility 

increases? This tests the applicability of the MDH to sentiment using the methodology of 

Clark (1973). Secondly, is sentiment consistent with the distributional characteristics of 

trading volume? Predictions are made about the distribution of sentiment based on the 

methodology of Harris (1986). These predictions are extended to the number of words 

variable as this, like volume, may be a proxy for the flow of information to the market. 

Subsequently, the distribution of negative sentiment and positive sentiment is examined. 

No implications for negative sentiment or positive sentiment stem directly from the MDH. 

Thirdly, does the dynamic equicorrelation between stocks change as more information 

is available to the market? All pairs of series are allowed to have the same correlation 

on a given day but this correlation varies over time and how this correlation relates to 

the sentiment variables is investigated. Finally, does sentiment reduce the persistence in 

GARCH effects in the volatility of returns equation for individual stocks? Overall, the 

relationship between volatility and sentiment and its effect on persistence are examined 

using a GARCH model.

The results suggest that the MDH may be apphcable to sentiment. That is, as sentiment 

increases the volatility of returns also increases. Sentiment is distributed in a similar 

manner to the volume of traded shares. The dynamic equicorrelation between stocks 

increase as more information is available to the market. Sentiment, however, does not 

play a significant role in the volatility of returns or reduce persistence in individual stocks.

The remainder of the chapter is structured as follows. Section 5.2 describes the testing 

methodologies and presents the data. The results and the interpretation of the analysis 

are given in section 5.3. The final section, section 5.4, presents a summary and the 

conclusions.

5.2 Data and model specification

The dataset comprises of daily returns and trading volumes of the top 20 non-financial 

firms on the Fortune 500 in 2005. These 20 are the same firms modelled in chapter
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4 '. The models are estimated over the sample period 1 January 2004 to 31 December 

2009, giving over 1500 observations for each stock. In addition to volume and volatility, 

sentiment is also included in the analysis in this chapter^.

Sentim ent variables

A dictionary-based approach for extracting sentiment is employed which uses a “mapping” 

algorithm. In a mapping algorithm a computer program reads the text and classifies the 

words (or phrases) in the text into different categories based on pre-defined dictionary 

categories (Li, 2008). Specifically, a program called Rocksteady is used. It is a content 

analysis program developed by Treocht Ltd^. Rocksteady counts the number of words 

in news stories over a specified time period (e.g. by minute, hourly, daily, or yearly) that 

fall within various word categories. The dictionary contained in Rocksteady is based on 

the General Inquirer dictionary, which tags categories from four sources, of which the 

largest and most important is the Harvard-IV-4 psychosocial dictionary. The first step 

is to search for qualified representative articles during a pre-specified time range to form 

a text corpus. The electronic news database used is “LexisNexis News and Business”. 

After downloading all the qualified articles, a “splitter” program is used to split the text 

files into individual articles. The program extracts date and time information of each 

article. Then Rocksteady can be used to calculate daily sentiment scores by counting 

the frequency of words in each category relative to the total words in the news story. 

The basic measure of sentiment is the proportion of the words in a particular category 

relative to the total words.

The proportion of negative and positive words is calculated daily from economic related 

articles in the New York Times. Also included is a variable that measures the total 

number of words for that day. This is used as a proxy for the flow of information into 

the market on a given day. Positive and negative variables are used as a proxy for 

sentiment. In this thesis, these three variables together are referred to as the sentiment 

variables i.e the number of words variable, positive sentiment variable and negative 

sentiment variable. Figure 5.1 shows the time series plots of the number of words, 

negative sentiment and positive sentiment.

' On July 10, 2009 General Motors began trading under the name Motors Liquidation.
^Results for the Augmented Dickey-Puller test for the presence of a unit root are found in the 

Appendix
^Treocht Ltd.,(www.treocht.com) is an Ireland-based company developing a web-based system that 

uses fusion analytics to deliver instant, accurate financial predictions for hedge funds, institutional 
investors and others.
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(a) N um ber of W ords

(b) Negative Sentim ent

(c) Positive Sentim ent

F i g u r e  5 . 1:  Sentiment Variables
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5.2.1 M ethodology  

G A R C H  model  specification

The A R (1)-G A R C H (1,1)-X  is identical to the A R (1)-G A R C H (1,1)-X  in section 4.3 but 

is extended to allow for an additional exogenous variable and is specified as:

Vt =  Po +  (5-1)

ht =  ao +  QiEj +  a 2 h t- i  +  a^volume^t +  otAXt (5-2)

where yt =  In(pt) — ln(^t_i) is the daily log returns; ht is the variance of the returns at 

time t, e is the error term, volume (turnover) is the number of shares traded at time t /  

number of outstanding shares and X t  is the selected exogenous variable. The parameters 

QO) and «2  are confined to be in the positive region.

The dynam ic equicorrelation model is as specified in section 3.14.12. The DECO  

model is a simplification in modelling time-varying conditional covariance matrices for 

returns of an arbitrary number of assets. The first step of the consistent two-step  

estim ation procedure is to estim ate univariate GARCH models for each asset return 

series. Conditional variances are modelled with an AR(1)-G ARCH (1,1) model, and these 

variances are used to construct volatility standardized returns. The correlation is then  

estim ated in the second step.

5.3 Results

The role of sentiment in relation to volume and volatility is tested in four ways in this 

chapter. Firstly, in section 5.3.1, the m ethodology of Clark (1973) is applied while 

replacing trading volumes with market sentiment as a more direct measure of investor 

opinions and sentiment. Secondly, in section 5.3.2, the m ethodology of Harris (1986) is 

followed and expanded to test possible implications for the role of sentiment. Thirdly, 

in section 5.3.3, the dynamic equicorrelation of the stock returns is com puted and its 

relations to sentiment examined. Finally, in section 5.3.5, a GARCH model framework 

is used to test the role of sentiment in the volatility of returns.
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5.3.1 Are volatility and the sentim ent variables positively correlated?

In early pre-GARCH work, reviewed in section 2.3, Clark (1973) modelled a stochastic 

number of independent price changes over any time period due to an unobserved non

constant rate of information arrival. This causes both the trading volume and the 

variance of price changes over a given period to be increasing functions of the number of 

within-period price changes.

Clark (1973) explains that information to the market arrives at a random rate. Prices 

are generated from a stochastic process with a changing variance parameter that can be 

proxied by volume. Conditioning on volumes of traded shares reduces kurtosis and 

variance of returns increases as volumes increase. There is a stochastic number of 

independent price changes over any time period, due to a non-constant rate of information 

arrival. This results in the variance of the overall price change for a given period being 

an increasing function of number of within-period price changes. Volume of trade is 

also specified as an increasing function of the number of within-period price changes. In 

Clark’s MDH theory, the unobserved rate of information arrival is a common cause of 

trading volume and price change volatility.

Clark (1973) proposed that the relationship between trading volume and the price 

change variance must be examined to test the hypothesis that trading volume in some 

sense measures the speed of evolution of information to the market. If trading volume 

is not related to the speed of evolution of information to the market, there should 

be no correlation between volume and variance of returns. If trading volume is the 

directing process, the relationship should be linear, with the proportionality coefficient 

representing the variance of the price change.

The first approach Clark (1973) used was to group the sample into several smaller groups 

by increasing volume. The prices in the sample were grouped into twenty subgroups of 

fifty observations by increasing volumes. The sample variance and kurtosis for the entire 

sample and within each group were calculated. Clark had two findings. Firstly, trading 

volume and price change variance seem to have a curvlinear relationship. Secondly, 

when using the average of the twenty subgroups, the kurtosis is very much reduced when 

compared to the kurtosis of the entire sample. When price changes with similar volumes 

are considered, the kurtosis is very much reduced.
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Table 5.1(a) presents the results of applying the method of Clark (1973) to the 20 firms 

examined in chapter 4. Similar results to Clark are observed. That is, when using the 

average of the subgroups the kurtosis is reduced when compared to the kurtosis of the 

entire sample. A Wilcoxon Signed Rank is used to test if the observed reduction is 

statistically significant. Table 5.1(? )̂ gives the results of the Wilcoxon Signed Rank, 

testing the null hypothesis tha t the median difference in kurtosis, before and after 

applying the method of Clark (i.e. subgrouping by volume), is equal to zero versus 

the alternative hypothesis that the difference is not equal to zero. The median reduction 

is 7.28 (p-value <0.001) with a 95% confidence interval of (6.60, 12.60). Subgrouping 

the returns examined in this dataset by increasing ranges of volume significantly reduces 

the sample kurtosis as found by Clark (1973).

If the arrival of new information to the market is related to the volume of shares traded 

and volatility of returns, a similar effect of grouping the variance of returns by the 

sentiment variables would be expected to be observed. That is, the kurtosis should be 

reduced and variance of returns should increase as the levels of the sentiment variable 

increase. In order to test this hypothesis, the method of Clark (1973) is again applied 

using the sentiment variables in lieu of volumes.

Initially, this analysis focuses on the hypothesised reduction in kurtosis. Tables 5.2(a), 

5.3(a) and 5.4(a) present the results when the sentiment variables (i.e. number of words, 

negative sentiment and positive sentiment respectively) are applied in the place of volume 

following the method of Clark (1973). The results show tha t using subgroups of the 

three sentiment variables reduces the kurtosis. Tables 5.2(6), 5.3(6) and 5.4(6) give the 

corresponding results of the Wilcoxon Signed Rank tests. Grouping by the number of 

words gives a median reduction of 4.32 (p-value <0.001) and a 95 % confidence interval 

of (3.57,8.92). Grouping by the negative sentiment variable gives a median reduction of 

3.39 (p-value <0.001) and a 95 % confidence interval of (2.94,7.20). Grouping by the 

positive sentiment variable gives a median reduction of 3.35 (p-value <0.001) and a 95 

% confidence interval of (2.75,6.19). All sentiment variables show a significant reduction 

in kurtosis but the reduction is less than that found by using volume. The number of 

words gives the greatest reduction in average kurtosis, followed by the negative sentiment 

variable, with the results being weakest for the positive sentiment variable. Subgrouping 

returns by increasing ranges of each of the sentiment variables significantly reduces the
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sample kurtosis. The reduction is less than that observed when subgrouping is by volume. 

This is to be expected as the sentiment variables are not company specific.

In order to investigate if the reduction in kurtosis could be due to the method of 

grouping the observations into several smaller groups, the analysis is repeated using 

random groups. Tables 5.5(a) and 5.6(a) give the results of two such randomisations. 

Tables 5.4(6) and 5.6(6) gives the results of the Wilcoxon Signed Rank test. The first 

randomisation gives a median reduction in average kurtosis of 5.05 (p-value < 0.001) 

with a 95% confidence interval of (2.36,5.29). The second randomisation gives a median 

reduction in average kurtosis of 5.09 (p-value < 0.001) and a 95% confidence interval 

of (2.06,5.48). The results show that the random groupings also provide a significant 

reduction in kurtosis. Therefore, this method, as apphed by Clark (1973), does not 

provide conclusive evidence that grouping by volume is the source of the reduction in 

kurtosis.

The relationship between the volume and price change variance must be examined to test 

the hypothesis that volume in some sense measures the speed of evolution of information 

to the market. If volume is the directing process, the relationship should be linear, 

with the proportionality coefficient representing the variance of the price change. Clark 

(1973) further investigates the curvilinear relationship between price variance and trading 

volume using the regressions outlined in section 2.4. The preferred regression of Clark 

(1973), equation 2.14,

log{AP^) =  a  +  Plog{Vt) + ej

is applied to examine the relationship between volume and price change variance, the 

number of words and price change variance, negative sentiment and price change variance 

and finally positive sentiment and price change variance respectively.

Table 5.1(a) shows tha t each of the 20 companies show a significant linear relationship 

between volume and price change variance. The p-value for /? is < 0.001 and the F 

statistic is significant for each company. The overall model appears to be statistically 

useful in predicting price change variance. As volume increases, price change variance 

also increases.

In a similar manner, the existence of a linear relationship between the number of words, 

negative sentiment, positive sentiment and volatility is tested. Table 5.2(a) shows that
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18 of the 20 companies show a positive and significant linear relationship between the 

num ber of words variable and price change variance. The p-value for p  is < 0.001 and 

the  F sta tistic  is significant for all companies except Ford M otor and Valero Energy. As 

the  number of words increase, the price change variance also increases and as stated  

previously the number of words in some sense measures the speed of evolution of 

information to the market. Like trading volume, the num ber of words may, in a sense be 

taken as an instrum ent for m easuring the speed of evolution of the price change process 

and may explain the different rates of evolution of the price process on diff'erent days. 

On days when the number of words is highest, the price change process evolves faster 

than  on days when the num ber of words is lower.

Tables 5.3(a) and 5.4(a) tests if a linear relationship is found between negative sentiment 

and price change variance, and also between positive sentim ent and price change variance 

respectively. A positive significant relationship is found between price change variance 

and negative sentim ent for 13 of the 20 companies. This is reduced to ju st 5 of the 

20 companies when the linear relationship between price change variance and positive 

sentim ent is investigated. Clark (1973) uses an Fcrit of F o .o i(l,n  — 1) to assess the 

usefulness of the model. For negative sentiment, using the same level of significance, 

F o . o i ( l ,  1510) =  6.65, the overall model appears to be statistically useful in predicting 

price change variance for 12 of the 20 companies. For positive sentim ent, the overall 

model appears to be statistically useful in predicting price change variance for ju st 1 of 

the 20 companies. Negative sentim ent and positive sentim ent do not consistently measure 

the speed of evolution of information to the market. However, in 65% of the sample cases, 

negative sentim ent in some sense measures the speed of evolution of information to the 

market.

To conclude, the num ber of words variable is consistent with the MDH using the 

methodology of Clark (1973). Grouping the variance of returns by the num ber of words 

show significant reduction in the sample kurtosis and an increasing linear relationship 

between the num ber of words and the variance of returns. Results for negative sentiment 

and positive sentim ent are weaker than  those observed for the number of words, with 

the negative sentim ent variable showing the stronger evidence. Following the reasoning 

of Clark (1973), the sentim ent variables may be an instrum ent for the true operational 

time or an “imperfect clock” m easuring the speed of evolution of the price change process. 

The MDH posits th a t price volatility and trading volume are both subordinated to the
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same information arrival rate “news” process. Price volatihty, trading volume and the 

sentiment variables may all be subordinated to the same information arrival rate “news” 

process. Of the three new variables examined, the number of words best measures 

the speed of evolution of information to the market, but further analysis is needed for 

conclusive findings.
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T a b l e  5 .1 ; G rouped  by tu rn o v er

(a) V ariance o f returns grouped by turnover

C om pany E xcess
K u r to s is
(E ntire
Sam ple)

A verage
K u rto s is
( Grouped by 
Turnover)

p-value F

Wal-Mart Stores 6.65 0.05 <0.001 235.70
Exxon Mobil 13.15 0.12 <0.001 373.71
General Motors 13.62 2.43 <0.001 128.90
Ford Motor 11.49 0.14 <0.001 59.56
General Electric 39.79 1.20 <0.001 168.88
Cardinal Health 6.55 0.19 <0.001 216.18
ConocoPhillips 6.09 -0.20 <0.001 317.82
IBM 7.21 0.20 <0.001 496.13
Hewlett-Packard 4.64 0.01 <0.001 44.34
Home Depot 8.23 0.46 <0.001 133.45
Verizon Comm. 15.40 1.38 <0.001 130.72
McKesson 14.02 -0.22 <0.001 251.06
ChevronTexaco 15.46 1.67 <0.001 440.69
Altria Group 5.52 0.68 <0.001 39.59
Kroger 6.61 0.66 <0.001 269.98
Valero Energy 5.14 -0.27 <0.001 254.83
Boeing 6.73 0.95 <0.001 312.08
AmerisourceBergin 8.07 0.51 <0.001 69.93
Pfizer 7.19 0.34 <0.001 97.06
Proctor&Gamble 27.98 3.60 <0.001 284.82
Average 11.48 0.69 216.27

(b) W ilcoxon Signed Rank test for m edian difference in kurtosis

N M ean M edian
Kurtosis Entire 20 11.48 7.64
Kurtosis grouped 20 0.694 0.40
Difference 20 10.78 7.28
Jarque-Bera =  62.,70 p--value < 0.001
95% Cl for median difference: (6.60,12.60)
Wilcoxon signed rank test for median difference == 0 (vs not =  0) 
Wilcoxon statistic =  210 P-Value < 0.001

Notes: Table 5.1(a) presents the excess kurtosis of the entire sample, the average 
excess kurtosis when grouped by turnover, the p-value for ^  and Ff̂ caic) for the 
equation 5.3. Fcrit =  F{o.oi)(l, 1510) =  6.65. Table 5.1(b) presents the results 
for the Wilcoxon Signed R ank test under the null hypothesis th a t the median 
difference in kurtosis before and after grouping by turnover is equal to zero versus 
the alternative th a t the median difference in not equal to  zero. The Jarque-B era 
tests the null hypothesis th a t the difference in kurtosis before and after subgrouping 
is normally distributed.
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Table 5.2; Grouped by the number of words

(a) Variance of returns grouped by number of words

C om pany E xcess
K u r to s is
(  E n tire  

S a m p le )

A verage p-value  
K u rto s is
( G rouped by N o . o f  

W ords )

^ca lc

Wal-Mart Stores 6.65 2.68 <0.001 37.87
Exxon Mobil 13.15 2.03 <0.001 48.06
General Motors 13.62 4.22 <0.001 36.86
Ford Motor 11.49 5.06 0.062 3.49
General Electric 39.79 12.39 <0.001 63.59
Cardinal Health 6.55 1.26 <0.001 14.64
Conoco Phillips 6.09 3.45 <0.001 22.01
IBM 7.21 5.45 <0.001 104.25
Hewlett-Packard 4.64 1.69 <0.001 69.31
Home Depot 8.23 4.01 <0.001 22.60
Verizon Comm. 15.40 7.86 <0.001 31.54
McKesson 14.02 1.59 <0.001 34.27
ChevronTexaco 15.46 5.16 <0.001 46.57
Altria Group 5.52 3.65 <0.001 69.43
Kroger 6.61 3.22 <0.001 50.84
Valero Energy 5.14 2.59 0.19 1.72
Boeing 6.73 4.44 <0.001 14.40
AmersourceBergen 8.07 4.50 <0.001 47.75
Pfizer 7.19 2.78 <0.001 19.18
Proctor&Gamble 27.98 10.81 <0.001 60.91
Average 11.48 4.44 39.96

(b) Wilcoxon Signed Rank test for median difference in kurtosis

N M ean M ed ian
Kurtosis Entire 20 11.48 7.64
Kurtosis grouped by 20 4.44 3.83
Difference 20 7.04 4.32
Jarque-Bera = 33.47 p-value < 0.001 
95% Cl for median difference: (3.57,8.92)
Wilcoxon signed rank test for median difference =  0 (vs not =  0)
Wilcoxon statistic =  210 P-Value < 0.001

Notes: Table 5.2(a) presents the excess kurtosis of the entire sample, the average 
excess kurtosis when grouped by number of words, the p-value for P  and F ( ^ c a ic )  

for the equation 5.3. F c r i t  =  - F ( o . o i ) ( l )  1510) =  6.65. Table 5.2(b) presents the 
results for the Wilcoxon Signed Rank test under the null hypothesis that the median 
difference in kurtosis before and after grouping by the number of words is equal to 
zero versus the alternative that the median difference in not equal to zero. The 
Jarque-Bera tests the null hypothesis that the difference in kurtosis before and 
after subgrouping is normally distributed.
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Table 5.3; Grouped by negative sentiment

(a) Variance of returns grouped by negative sentiment

C om pany E xcess K u r 
tosis
(E n tire  S a m p le )

A verage
K u r to s is
(N eg a tive

S e n tim e n t)

p-value F

Wal-Mart Stores 6.65 3.02 0.164 1.94
Exxon Mobil 13.15 4.54 <0.001 22.36
General Motors 13.62 6.42 0.008 7.10
Ford Motor 11.41 8.14 0.56 0.34
General Electric 39.79 10.91 <0.001 15.30
Cardinal Health 6.55 3.14 0.098 2.74
ConocoPhilli.ps 6.09 3.94 <0.001 18.79
IBM 7.21 4.48 0.012 6.40
Hewlett-Packard 4.64 3.00 <0.001 37.45
Home Depot 8.23 3.58 0.315 1.01
Verizon Comm. 15.40 8.81 <0.001 16.34
McKesson 14.02 4.89 0.093 2.83
ChevronTexaco 15.46 5.24 <0.001 28.00
Altria Group 5.52 3.22 <0.001 22.02
Kroger 6.61 3.85 0.003 8.88
Valero Energy 5.14 2.79 0.005 7.98
Boeing 6.73 5.04 <0.001 13.46
AmersourceBergen 8.07 4.95 0.024 5.09
Pfizer 7.19 3.82 0.312 1.02
Proctor & Gamble 27.98 12.47 0.12 2.42
Average 11.48 5.31 11.07

(b) W ilcoxon Signed Rank test for median difference in kurtosis

N M ean M ed ian
Kurtosis Entire 20 11.48 7.64
Kurtosis grouped by 20 5.312 4.512
Difference 20 6.17 3.39
Jarque-Bera =  78.27 p-value < 0.001 
95% Cl for median difference: (2.94,7.20)
Wilcoxon signed rank test for median difference =  0 (vs not =  0) 
Wilcoxon statistic = 210 P-Value < 0.001

Notes: Table 5.3(a) presents the excess kurtosis of the entire sam ple, the average 
excess kurtosis when grouped by negative sentim ent, the p-value for /3 and i^(caic) 
for the equation 5.3. F c r u  =  F ( o . o i ) ( l ,  1510) =  6.65. Table 5.3(b) presents the 
results for the W ilcoxon Signed Rank test under the null hypothesis that the median 
difference in kurtosis before and after grouping by negative sentim ent is equal to 
zero versus the alternative that the median difference in not equal to zero. The  
Jarque-Bera tests the null hypothesis that the difference in kurtosis before and 
after subgrouping is normally distributed.
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T a b l e  5.4: Grouped by positive sentiment

(a) Variance of returns grouped by positive sentiment

C om pany E xcess K u r 
tosis
(E n tire  Sam ple)

A verage
K u r to s is
(Positive
S en tim en t)

p-value F

Wal-Mart Stores 6.65 4.31 0.187 1.74
Exxon Mobil 13.15 5.01 0.699 0.15
General Motors 13.62 7.61 <0.001 13.01
Ford Motor 11.49 8.26 0.099 2.72
General Electric 39.79 9.25 0.488 0.48
Cardinal Health 6.55 3.20 0.241 1.37
ConocoPhillips 6.09 4.30 0.808 0.06
IBM 7.21 4.91 0.300 1.08
Hewlett-Packard 4.64 3.19 0.021 5.32
Home Depot 8.23 4.17 0.901 0.02
Verizon Comm. 15.40 10.38 0.185 1.76
McKesson 14.02 5.57 0.037 4.35
Chevron Texaco 15.46 7.15 0.729 0.12
Altria Group 5.52 4.38 0.077 3.13
Kroger 6.61 3.76 0.172 1.87
Valero Energy 5.14 2.82 0.011 6.43
Boeing 6.73 5.16 0.361 0.83
AmersourceBergen 8.07 4.72 0.010 6.63
Pfizer 7.19 3.65 0.820 0.05
Proctor&Gamble 27.98 13.51 0.213 1.55
Average 11.48 5.77 2.63

(b) W ilcoxon Signed Rank test for median difference in kurtosis

N M ean M edian
Kurtosis Entire 20 11.48 7.64
Kurtosis grouped by 20 5.77 4.82
Difference 20 5.71 3.35
Jarque-Bera =  119.91 p-value < 0.001 
95% Cl for median difference: (2.75,6.19)
Wilcoxon signed rank test for median difference =  0 (vs not =  0) 
Wilcoxon statistic =  210 P-Value < 0.001

Notes: Table 5.4(a) presents the excess kurtosis of the entire sample, the average 
excess kurtosis when grouped by positive sentiment, the p-value for /3 and F^^aU) 
for the equation 5.3. Fcru =  F(o.oi)(l, 1510) =  6.65. Table 5.4(b) presents the 
results for the Wilcoxon Signed Hank test under the null hypothesis that the median 
difference in kurtosis before and after grouping by positive sentiment is equal to 
zero versus the alternative that the median difference in not equal to zero. The 
Jarque-Bera tests the null hypothesis that the difference in kurtosis before and 
after subgrouping is normally distributed.



Chapter 5. Volume, Volatility and Sentiment 161

T able  5.5: G rouped by random isation 1

(a) Variance of returns grouped by randomisation 1

C om pany Excess
K u r to s is
(E ntire

S am ple)

Average
K u r to s is
(R a n d o m is  ed)

Wal-Mart Stores 6.65 4.08
Exxon Mobil 13.15 7.31
General Motors 13.62 8.88
Ford Motor 11.49 9.11
General Electric 39.79 11.20
Cardinal Health 6.55 4.21
ConocoPhillips 6.09 4.39
IBM 7.21 5.28
Hewlett-Packard 4.64 3.44
Home Depot 8.23 4.60
Verizon Comm. 15.40 9.22
McKesson 14.02 7.68
ChevronTexaco 15.46 9.13
Altria Group 5.52 4.07
Kroger 6.61 3.89
Valero Energy 5.14 3.22
Boeing 6.73 4.08
Amersource Bergen 8.07 5.43
Pfizer 7.19 4.81
Proctor&Gamble 27.98 14.35

(b) Wilcoxon Signed Rank test for median difference in kurtosis

N M ean M edian
Kurtosis Entire 20 11.48 7.64
Kurtosis grouped by 20 6.418 5.046
Difference 20 5.06 2.64
Jarque-Bera = 143.57 p-value < 0.001 
95% Cl for median difference: ( 2.36,5.29)
Wilcoxon signed rank test for median difference =  0 (vs not =  0)
Wilcoxon statistic =  210 P-Value < 0.001

Notes: Table 5.5(a) presents the excess kurtosis of the entire sample, the average 
excess kurtosis when grouped by random. Table 5.5(b) presents the results for the 
Wilcoxon Signed Rank test under the null hypothesis that the median difference in 
kurtosis before and after grouping by random is equal to zero versus the alternative 
that the median difference in not equal to zero. The Jarque-Bera tests the null 
hypothesis that the difference in kurtosis before and after subgrouping is normally 
distributed.
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T a b l e  5.6: Grouped by randomisation 2

(a) Variance of returns grouped by randomisation 2

C om pany Excess  
K u r to s is  
( E ntire  
Sam ple)

A verage
K u r to s is
( R andom ised2  )

Wal-Mart Stores 6.65 4.41
Exxon Mobil 13.15 7.67
General Motors 13.62 8.54
Ford Motor 11.49 9.02
General Electric 39.79 12.38
Cardinal Health 6.55 4.73
Conoco Phillips 6.09 4.90
IBM 7.21 3.75
Hewlett-Packard 4.64 4.08
Home Depot 8.23 5.05
Verizon Comm. 15.40 9.73
McKesson 14.02 7.96
Chevron Texaco 15.46 7.63
Altria Group 5.52 3.88
Kroger 6.61 4.92
Valero Energy 5.14 3.50
Boeing 6.73 5.12
AmersourceBergen 8.07 6.46
Pfizer 7.19 4.31
Proctor&Gamble 27.98 12.97

(b) Wilcoxon Signed Rank test for median difference in kurtosis

N M ean M ed ian
Kurtosis Entire 20 11.48 7.64
Kurtosis grouped by 20 6.550 5.085
Difference 20 4.93 2.68
Jarque-Bera =  100.05 p-value < 0.001 
95% Cl for median difference: (2.06,5.48)
Wilcoxon signed rank test for median difference =  0 (vs not =  0)
Wilcoxon statistic =  210 P-Value < 0.001

Notes: Table 5.6(a) presents the excess kurtosis of the entire sample, the average 
excess kurtosis when grouped by random. Table 5.6(b) presents the results for the 
Wilcoxon Signed Rank test under the null hypothesis that the median difference in 
kurtosis before and after grouping by random is equal to zero versus the alternative 
that the median difference in not equal to zero.
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5.3.2 Is sentim ent consistent w ith the distributional characteristics of 

trading volume?

Harris (1986) presents and examines the imphcations of cross-sectional tests of the 

mixture of distributions hypothesis. He states that the unconditional joint distribution 

of returns and trading volumes is a mixture of the conditional normal distribution. The 

mixture is directed by the distribution of rt, the mixing variable. The conditional mixture 

model is derived by assuming that rj counts the number of information arrivals during 

the day. After each arrival, trading takes place.

He gives six characteristics listed in table 5.7(a), predictions (1) - (6). These predictions 

of the mixture model result only if there is variation in vt through time. The greater the 

variation in rt relative to its mean, the more pronounced should be the properties of the 

joint distribution of prices and volume. These predictions are expanded to the sentiment 

variable and the results of the tests when applied to the 20 firms in this dataset are 

presented in table 5.8

The tests of predictions (1) - (6) are calculated as in Harris (1986). Return skewness 

is the third moment measure. Volume skewness is measured by the difference between 

mean and median, divided by the mean absolute deviation, multiplied by Return 

kurtosis is measured by one less than the ratio of the sample variance to the squared 

mean absolute deviation multiplied by Return with volume correlation is calculated 

using Spearman’s rank correlation. Heteroskedasticity is measured by the coefficient of 

variation among the n sample monthly mean absolute deviations. The expected value of 

this measure is 16.47 if the population is normally distributed with constant variance.

Table 5.7 presents the predictions for the distribution the returns and volumes as specified 

by Harris (1986). Predictions (1) - (5) are found to hold for the 20 companies tested. 

Prediction (6) does not hold, thus no significant correlation between returns and volume 

is found.

Table 5.7(b) presents the predictions for the distribution the number of words variable 

based on the intuition of Harris (1986). Predictions (a) - (d) are based on the intuition 

that if volume is a proxy for the speed of evolution of information to the market and 

the number of words is also a proxy for the speed of evolution of information to the 

market then similar characteristics may be shared by the volume and the number of
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words variable. As explained in section 2.3, the price series evolve at different rates 

on different days because information is available to traders at a varying rate. Trading 

is slow on days when no new information is available and the price process evolves 

slowly. Trading is brisk on days when new information violates old expectations and 

the price process evolves much faster (Clark, 1973). Extending this to the number of 

words variable, trading would be expected to be brisk on days when the number of words 

variable violates old expectations.
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T a b l e  5.7: Predictions for Returns, Volume and Sentiment

(a) Predictions from Harris (1986)

Predictions  f r o m  H arr is  (1986)
1 The marginal distribution of returns is kurtotic relative to the normal 

distribution
/

2 The marginal distribution of daily volume is skewed to the right /
Oo The squared returns is correlated with daily volume of trade /
4 Interval measures of price variance change through time if the 

probabihty distribution of Vt changes through time
/

5 The marginal distribution of returns is skewed. The direction of skew 
is the same as the sign of the parameter a.

/

6 Returns and volume are correlated X

(b) New Predictions for the No. of words

N ew  Predictions for the No. o f words
a The marginal distribution of no. of words variables is skewed to the 

right
/

b The squared returns are correlated with the no. of words /
c Returns and no. of words are correlated /
d Volumes and no. of words are correlated /

(c) Tests for properties of negative sentiment

Tests for properties o f negative sentim ent
e Negative sentiment is skewed to the right /
f The squared returns are correlated with negative sentiment /
g Returns and negative sentiment are correlated /
h Volumes and negative sentiment are correlated /

(d) Tests for properties of positive sentiment

Tests for properties o f positive sentim ent
i Positive sentiment is skewed to the right /
j The squared returns are correlated with positive sentiment /
k Returns and positive sentiment are correlated X

1 Volumes and positive sentiment are correlated /

Notes: This table a recreates the predictions of Harris (1986) and is extended to the three sentiment 
variables: the number of words, negative sentiment and positive sentiment.
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T a b l e  5.8: Sample statistics for returns, volume, number of words, negative and positive sentiment

(a) Sample statistics for returns and volume

M ean
(t-s ta tis tic )

S tandard
D evia tion

M in F irst
Q uartile

M edian T hird
Q uartile

M a x

R e tu rn  skew ness -0.244
(-1.6)

0.683 -2.12 -0.408 -0.01 0.178 0.51

Volum e skew ness 0.279
(18.59)

0.067 0.168 0.232 0.275 0.308 0.453

R e tu rn  kurtosis 0.818
(15.29)

0.239 0.634 0.665 0.738 0.855 1.623

C orr (re tu rn ,vo lu m e) -0.003
(-0.42)

0.033 -0.071 -0.024 -0.003 0.027 0.044

C orr(Squared  re tu rn , volum e) 0.414
(31.32)

0.059 0.321 0.382 0.397 0.434 0.573

Volum e H eteroskedastic ity 70.251
(9.39)

24.954 46.94 54.185 63.31 73.71 142.47

R e tu rn  H eteroskedastic ity 58.063
(13.75)

13.53 38.36 50.538 56.56 61.158 97.7

Above are calculated as in Harris (1986)

(b) Skewness of the sentiment variables

M ean
(t-s ta tis tic )

S tandard
D evia tion

M in F irst
Q uartile

M edian T hird
Q uartile

M a x

#  W ords Skew ness 1.588
P o sitive  se n tim e n t Skew ness 0.475
N egative S e n tim e n t Skew ness 0.0297

(c) Kurtosis of the sentiment variables

M ean
(t-s ta tis tic )

S tandard
D evia tion

M in F irst
Q uartile

M edian T hird
Q uartile

M a x

#  W ords excess kurto sis 3.69
P o sitive  se n tim e n t K u rto s is 2.27
N egative S e n tim e n t K u rto s is 2.49



(d) Returns and sentiment correlations

M ean  
( t-s ta tis tic )

S tandard
D evia tion

M in F irst
Q uartile

M edian Third
Q uartile

M a x

R e tu rn s  w ith  no. o f  words correla tion -0.027
(-6.39)

0.019 -0.062 -0.04 -0.026 -0.016 0.003

R e tu rn s  w ith  positive  se n tim e n t corre
la tion

0.000
(-0.08)

0.019 -0.027 -0.015 -0.007 0.009 0.039

R e tu rn s  w ith  negative s e n tim e n t corre
la tion

-0.024
(-4.37)

0.025 -0.077 -0.041 -0.025 -0.007 0.018

(e) Squared returns and sentiment correlations

M ean
(t-s ta tis tic )

S tandard
D evia tion

M in F irst
Q uartile

M edian Third
Q uartile

M a x

Sq re tu rn s w ith  no. o f  w ords correla
tion

0.163
(15.69)

0.046 0.071 0.146 0.158 0.179 0.291

Sq re tu rn s  w ith  p ositive  s e n tim e n t cor
rela tion

0.049
(5.08)

0.043 -0.026 0.026 0.046 0.069 0.130

Sq re tu rn s w ith  negative s e n tim e n t cor
rela tion

0.101
(16.47)

0.027 0.044 0.071 0.112 0.124 0.127

(f) Turnover and sentiment correlations

M ean
(t-s ta tis tic )

S tandard
D evia tion

M in F irst
Q uartile

M edian Third
Q uartile

M a x

T urnover w ith  no. o f  words correlation 0.307
(2.274)

0.060 0.146 0.304 0.318 0.334 0.423

T urnover w ith  P o sitive  s e n tim e n t cor
rela tion

0.139
(16.41)

0.038 0.045 0.121 0.138 0.167 0.199

T urnover w ith  negative  s e n tim e n t cor
rela tion

0.2
(17.63)

0.051 0.076 0.191 0.214 0.231 0.257

NotesiCross-Security Distribution of the Sample Statistics for 20 stocks from January 2004 to December 2009 as calculated by Harris (1986)
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Predictions made for the number of words are based on those made for the volume 

variable in Harris (1986) and tested in table 5.8. From Harris’ (1986) of the six predations 

given in table 5.7 three refer to the distribution of volumes. These three are applied to 

the number of words variable and tested. The new predictions for the distribution of 

the number of words variable are that the marginal distribution of the number of words 

is skewed to the right, squared returns are correlated with the number of words and 

returns and the number of words are correlated. One additional prediction is made for 

the number of words, namely that volume and the number of words are correlated. This 

would be expected if volume and the number of words were both subordinate to the same 

latent information variable. If the MDH holds for the number of words variable, these 

predictions would be expected to hold. The findings are that number of words variable 

is skewed to the right verifying prediction (a). Squared returns are positively correlated 

with the number of words verifying prediction (b). Returns and the number of words 

are correlated but negatively correlated so. As returns and volume were not found to 

be correlated as predicted by Harris (1986), this prediction was not expected to hold for 

returns and the number of words. And finally, volumes and the number of words are 

positively correlated verifying prediction (d). Overall, these results are consistent with 

the MDH.

Table 5.7(c) and 5.7(d) present the predictions for the distribution the negative sentiment 

variable and the positive sentiment variable respectively based on the intuition of Harris 

(1986). There is no clear intuition about the characteristics of the negative sentiment 

and positive sentiment variable based on the mixture of distributions hypothesis. Hence, 

no predictions are made for these variables but instead the distributions are examined 

for the presence of similar characteristics, but no prior expectations are formed as is done 

with the number of words variable. The characteristics (e) - (h) refer to the negative 

sentiment variable and characteristics (i) - (1) refer to the positive sentiment variable. The 

negative sentiment variable is skewed to the right, and positively correlated with squared 

returns and volumes. A negative correlation is found for the returns and the negative 

sentiment. The positive sentiment variable is skewed to the right and positively correlated 

with squared returns and volumes. No significant correlation is found between the 

positive sentiment variable and returns. The distributional characteristics of sentiment 

are consistent with the distributional characteristics of volume as predicted by the MDH.
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5.3.3 Is the equicorrelation of stock returns related to sentim ent?

Harris (1986) concludes that the rate of arrival of information tha t affects prices is not 

uniform across securities and this is to be expected if prices were generated by information 

factors evolving at different rates. Tests of the cross-sectional MDH, made by Harris 

(1986), assume that the process tha t directs the rate of flow of information important to 

prices is different for each security. The cross-sectional tests assume that the distribution 

of the mixing variable is not the same for all securities.

However, Bollerslev and Jubinski (1999) state that the latent information arrival process 

represents the intensity of both firm-specific and market-wide news events and future 

work along these lines may result in important efficiency gains and new insights. 

The latent information arrival processes across firms will be highly contemporaneously 

correlated due to common market-wide news contained in each volume series and the 

contemporaneous correlation between trading volume and volatility does not reflect 

a causal relationship but rather a subordination to the same latent information 

arrival process. Bauwens and Rombouts (2007) state that the most likely reason for 

heterogeneity in the estimates of GARCH(1,1) models for each series is that individual 

stocks react differently to general news and specific company announcements.

Engle (2009) states that assets are constantly changing in response to news and in 

anticipation of future performance. Movements in price are not independent. If they 

were independent, it would be possible to form a portfolio with negligible volatility. 

Recognising that the economy is an interconnected set of economic agents, it is not 

surprising that movement in assets are correlated. He describes estimation of the 

correlation structure of thousands of assets, stating furthermore that using it to select 

superior portfolios is a “Herculean” task, especially as these correlations vary over time.

The hypothesis tha t a greater correlation in returns is observed if more common market- 

wide information is available to the market on a given day is examined in this thesis. 

To do so, the relationship between the daily correlation of the 20 firms, as estimated 

by the DECO GARCH, and the sentiment variables is examined. Figure 5.2 shows 

correlation among the 20 US stocks as calculated by the DECO GARCH model. The 

fitted equicorrelations show substantial day-to-day variation ranging from correlations of 

0.20 to a maximum of 0.57 on October 16th 2008. The persistence in equicorrelation, as 

specified in equation 3.46, is high where {a + /3) = 0.969. The parameter a  is estimated
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to be 0.036 with a t-statistic of 6.67. The parameter 0  is estimated to be 0.92 with a 

t-statistic of 81.70.

F igure 5.2: Dynamic Equicorrelation

Table 5.8 presents the Pearson’s correlation coefficient and Spearman’s rank correlation 

coefficient for nonparametric data between the daily equicorrelation in the returns of the 

20 firms and each of the sentiment variables. The greatest significant positive relationship 

is found between the number of words variable and the dynamic equicorrelation for 

the 20 firms (Pearson’s correlation =  0.473, Spearman’s rank correlation =  0.334). As 

the amount of information to the market increases, the correlation among stocks also 

increases. On days where more information is available i.e. a greater number of words 

are printed, a greater correlation between returns of the 20 firms is observed.
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T able 5.8: Correlation between the dynamic equicorrelation of the 20 firm and
the sentiment variables

V a ria b le P e a r s o n ’s
C o r r e la t io n

S p e a r m a n ’s
C o r r e la t io n

Corr (dynamic equicorrelation,words) 0.473 0.334
(<  0.001) (<  0.001)

Corr(dynamic equicorrelation,negative) 0.213 0.232
(<  0.001) (<  0.001)

Corr(dynamic equicorrelation,positive) 0.08 0.103
(0.002) (<  0.001)

Notes: This tables presents the Pearson’s Correlation and Spearm an’s Rank Correlation 
Coefficient between the dynamic equicorrelation of the 20 firm and the each of the sentiment 
variables. P-v'alues are presented in brackets under the null hypothesis th a t the correlation is 
equal to  zero. The two-sided alternative hypothesis is th a t the correlation is not equal to  zero.
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A positive significant correlation between negative sentiment and the daily dynamic 

equicorrelation correlation in the returns of the 20 firms is found. A positive 

significant correlation is also observed between positive sentiment and the daily dynamic 

equicorrelation correlation in the returns. These relationships are weaker than that 

observed for the number of words variable and provide less information concerning 

correlation between the returns of the 20 firms investigated. Figure 5.3 shows the dynamic 

equicorrelation and the corresponding number of words on a given day.

Following on from this, it is proposed that tha t volume series may be seen as a proxy 

for firm-specific and market-wide news whereas, the number of words may be a measure 

of market-wide news only. The number of words series may be picking up the common 

information in the volume series across individual firms.

Table 5.9, presents the Pearson’s correlation coefficient and Spearman’s rank correlation 

coefficient for the relationship between the daily estimated individual volatilities of each 

of the 20 stocks and the number of words variable. The daily volatility for each of the 20 

stocks is estimated using a AR(1)-GARCH(1,1). The correlation between the number 

of words variable and the individual volatilities of the 20 stocks range from a minimum 

of 0.22 to a maximum of 0.46 using Spearman’s rank correlation with an average of 

0.32. Using Pearson’s correlation these values range from 0.18 to 0.59 with an average 

of 0.44. On average, the number of words variable provides more information about the 

dynamic equicorrelation correlation in the returns of the 20 firms than it does about 

the average individual volatilities of the 20 stocks, as shown in table 5.9. This suggests 

that, a measurement of the amount of common daily news available to the market, 

as measured by the number of words, on average, provides more information about the 

dynamic equicorrelation correlation of the stock returns than about individual volatilities 

of stocks. This is not unexpected as the number of words is not constructed as a company 

specific variable in this analysis. Measuring the amount of information flowing into the 

market on a given day has greater implications for the co-movement of returns rather 

than about the volatilities of individual stocks.
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F i g u r e  5.3: Dynamic equicorrelation and the number of words
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T a b l e  5.9: Correlation between daily estimated volatility and the number of
words variable

Variable P earson’s C or
relation

Spearm an’s
Correlation

C orr( W al-M art,words) 0.503 0.291
(<  0.001) (<  0.001)

C orr(Exxon Mobil, words) 0.412 0.283
(<  0.001) (<  0.001)

C orr(G eneral M otors,w ords) 0.488 0.393
(<  0.001) (<  0.001)

Corr (Ford M otor,w ords) 0.587 0.461
(<  0.001) (<  0.001)

C orr(G eneral Electric,words) 0.181 0.319
(<  0.001) (<  0.001)

Corr (Cardinal Health,words) 0.489 0.264
(<  0.001) (<  0.001)

C orr( ConocoPhillips,words) 0.519 0.32
(<  0.001) (<  0.001)

C orr( IB M , words) 0.431 0.249
(<  0.001) (<  0.001)

C orr(H ew lett-Packard,w ords) 0.525 0.398
(<  0.001) (<  0.001)

C orr(H om e Depot,words) 0.445 0.358
(<  0.001) (<  0.001)

C orr(Verizon C om m .,w ords) 0.35 0.28
{< 0.001) (<  0.001)

C orr( M cK esson,w ords) 0.449 0.301
{< 0.001) (<  0.001)

C orr( ChevronTexaco,words) 0.38 0.223
(<  0.001) (<  0.001)

C orr(A ltria  Group,words) 0.327 0.251
(<  0.001) (<  0.001)

C orr( Kroger, words) 0.539 0.334
(<  0.001) (<  0.001)

Corr(Valero Energy,words) 0.543 0.430
(<  0.001) (<  0.001)

Corr (Boeing,words) 0.255 0.248
(<  0.001) (<  0.001)

Corr (A mersourceBergen, words) 0.485 0.355
(< 0.001) (<  0.001)

C orr(Pfizer, words) 0.475 0.338
{< 0.001) {< 0.001)

C orr(Proctor& Gam ble, words) 0.333 0.374
{< 0.001) (<  0.001)

Average 0.473 0.323
Notes: The volatility of each of the 20 companies is estimated with a AR(1)-GARCH(1,1). 
The correlation between the estimated daily volatility and the number of words is variable is 
calculated using both the Pearson’s Correlation and Spearman’s Hank Correlation Coefficient. 
P-values are presented in brackets under the null hypothesis that the correlation is equal to 
zero. The two-sided alternative hypothesis is that the correlation is not equal to zero.
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5.3.3.1 Vector A utoregression (V AR) M odel

A vector autoregression (VAR) model with one lag is also fitted to the dynamic 

equicorrelation and the number of words variable:

y i t Pw Ai an y i t - i Ult
z=z + +

V2t 2̂0 «21 P21 y 2 t - i U2t

where yi  is the dynamic equicorrelation and t/2 is the number of words variable. Table 

5.10 gives the estim ated param eters. The dynamic equicorrelation is largely dependent 

on lagged dynamic equicorrelation with an estim ated param eter of 0.982 (p-value =  

<  0.001). At the 5% level of significance, lagged words provide no significant information 

about the the dynamic equicorrelation. The dynamic equicorrelation for stock returns 

today is m ainly estim ated by yesterdays dynamic equicorrelation. Lagged num ber of 

words and lagged dynamic equicorrelation are both positive and significant in the AR 

model for the num ber of words a t tim e t. The estim ated param eter for lagged words is 

0.342 (p-value <  0.001). The amount of information flowing into the m arket on a given 

day is estim ated by the previous days am ount of information and also the previous days 

dynamic equicorrelation.

T a b l e  5.10: VAR Estimates

Variable C o e f f ic ie n t p -va lue
Dependent Variable: Dynamic Equicorrelation

Constant 0.004 0.007
Dynamic Equi{ 1} 
Wordsfl}

0.982
2.611E-07

<  0.001 
0.076

Dependent Variable: Number of Words
Constant -1270.05 <  0.001
Wordsfl} 0.342 <  0.001
Dynamic Equi{l} 12277.35 <  0.001

Notes: This tables gives the estimated parameters of a one lag VAR 
estimated by least squares for the dynamic equicorrelation and number 
of words variables
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5.3.3.2 Is the dynam ic equicorrelation o f returns consistent w ith  the M DH ?

The correlation between returns changes as new information enters the market. To 

investigate if this equicorrelation is subordinate to the same latent process as volume, 

volatility and sentiment, the DECO GARCH model is fitted to the returns of the 20 firms. 

To test the hypothesis that dynamic equicorrelation is a measure of the speed of evolution 

of information to the market, the relationship between the dynamic equicorrelation and 

price change variance is examined using the methodology of Clark (1973) and intuition 

from section 5.3.1.

If the arrival of new information to the market is related to the dynamic equicorrelation 

and volatility of returns, a similar effect, as observed in section 5.3.1, of grouping the 

variance of returns by the dynamic equicorrelation would be expected to be observed. 

In other words, the kurtosis should be reduced and variance of returns should increase 

as the level of dynamic equicorrelation increase. In order to test this hypothesis, the 

method of Clark (1973) is applied using the dynamic equicorrelation in lieu of volumes.

Table 5.11(6) gives the results of the Wilcoxon Signed Rank, testing the null hypothesis 

that the median difference in kurtosis, before and after applying the method of Clark 

(i.e. subgrouping by dynamic equicorrelation), is equal to zero versus the alternative 

hypothesis that the difference in not equal to zero. The median reduction is 4.93 (p- 

value <0.001) with a 95% confidence interval of (3.44,10.16). Subgrouping returns by 

increasing ranges in the dynamic equicorrelation significantly reduces the sample kurtosis. 

This median reduction in kurtosis is greater than tha t found by grouping by the number 

of words, negative sentiment and positive sentiment but less that that found by grouping 

by volume.

Equation 2.14, as used in section 5.3.1, is apphed to test the hypothesis tha t the dynamic 

equicorrelation in some sense measures the speed of evolution of information to the 

market. If the dynamic equicorrelation is the directing process, the relationship should be 

linear, with the proportionality coefficient representing the variance of the price change.

Table 5.11(a) shows tha t 19 of the 20 companies show a positive and significant linear 

relationship between the dynamic equicorrelation and price change variance. The p- 

value for P is significant at the 5% level for all companies except General Motors. 

The F statistic is significant for all companies except Ford Motors and General Motors.
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The overall model appears to be statistically useful in predicting price change variance. 

As the dynamic equicorrelation between returns increase, price change variance also 

increases. The dynamic equicorrelation between returns in some sense measures the 

speed of evolution of information to the market. On days where the correlations between 

returns is lower, the volatility of individual stocks is lower. Stock returns move in the 

same direction to a greater extent when more information enters the market.
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T a b l e  5 .11: Grouped by dynam ic equicorrelation

(a) Variance of returns grouped by dynamic equicorrelation

C om pany E xcess
K u r to s is
(E ntire

Sam ple)

Average
K u r to s is
( Grouped by  

D E C O )

p-value F

Wal-Mart Stores 6.65 1.58 <0.001 82.14
Exxon Mobil 13.15 0.91 <0.001 113.96
General Motors 13.62 3.53 0.81 0.06
Ford Motor 11.49 9.10 0.02 5.30
General Electric 39.79 3.42 <0.001 98.73
Cardinal Health 6.55 7.91 <0.001 32.51
ConocoPhillips 6.09 0.86 <0.001 75.58
IBM 7.21 3.13 <0.001 170.01
Hewlett-Packard 4.64 4.34 <0.001 147.41
Home Depot 8.23 1.09 <0.001 46.40
Verizon Comm. 15.40 1.73 <0.001 122.10
McKesson 14.02 6.29 <0.001 65.32
ChevronTexaco 15.46 0.38 <0.001 139.95
Altria Group 5.52 4.54 <0.001 100.52
Kroger 6.61 3.81 <0.001 119.15
Valero Energy 5.14 1.93 <0.001 12.07
Boeing 6.73 1.97 <0.001 45.38
AmerisourceBergin 8.07 4.04 <0.001 75.78
Pfizer 7.19 5.43 <0.001 22.61
Proctor & Gamble 27.98 2.32 <0.001 99.91
Average 11.48 3.41 78.74

(b) W ilcoxon Signed Rank test for median difference in kurtosis

N  M ean M ed ian
Kurtosis Entire 20 11.48 7.64
Kurtosis grouped 20 3.41 3.28
Difference 20 8.06 4.93
95% Cl for median difference: (3.44,10.16)
Wilcoxon signed rank test for median difference =  0 (vs not =  0)
Wilcoxon statistic =  207.0 P-Value < 0.001

Notes: Table 5.11(a) presents the excess kurtosis of the entire sample, the average 
excess kurtosis when grouped by the dynamic equicorrelation between the returns, 
the p-value for P and F^r.aic) for the equation 5.3. Fcrit =  ^’(o.oi)(lj 1510) =  6.65. 
Table 5.11(b) presents the results for the Wilcoxon Signed Rank test under the null 
hypothesis that the median difference in kurtosis before and after grouping by the 
dynamic equicorrelation between the returns is equal to zero versus the alternative 
that the median difference in not equal to zero.
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In a similar manner to section 5.3.2, the prediction of Harris (1986) are expanded to the 

dynamic equicorrelation. Table 5.12 presents four new predictions for the distribution 

of the dynamic equicorrelation. Table 5.13 presents the results of the tests of these 

predictions. The marginal distribution of dynamic equicorrelation is skewed to the right. 

The squared returns are correlated with the dynamic equicorrelation. Volumes and 

dynamic equicorrelation are correlated. Returns and dynamic equicorrelation are not 

correlated. These results are consistent with section 5.3.2. The distribution of the 

dynamic equicorrelation is consistent with the MDH. As the volatihty of returns increases, 

the dynamic equicorrelation between returns also increases.
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T a ble  5.12: New predictions for the  dynam ic equicorrelation

N e w  P r e d ic t io n s  for th e  d y n a m ic  eq u ic o r r e la tio n
m The marginal distribution of dynamic equicorrelation is skewed to the 

right
/

n The squared returns are correlated with the dynamic equicorrelation /
0 Returns and dynamic equicorrelation are correlated X

P Volumes and dynamic equicorrelation are correlated /
Notes: This table extends the characteristics returns and volume given Harris (1986) to make 
predictions about the distributions of returns, volumes and the dynamic equicorrelation based on 
the assumption that the dynamic equicorrelation is subordinate to the same latent process as volume 
and volatility.
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Table 5.13: Sample statistics of the dynamic equicorrelation

Mean
(t-s ta t)

Std
Dev

M in First
Q.

M edian Third
Q.

Max

D E C O  skewness

C orr(D E C O , squared 
returns )
C orr(D E C O , returns)  

Corr(D E C O , volume)

1.67

0.212
(16.89)
-0.004
(-0.91)
0.397
(14.38)

0.056

0.022

0.123

0.128

-0.049

0.033

0.175

-0.022

0.346

0.191

0.004

0.416

0.268

0.015

0.478

0.332

0.023

0.558

Notes: This table presents the results of the tests of the predictions made in table 5.12
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5.3.4 Testing for serial correlation

Before estim ating the GARCH models, the Engle (1982) test statistic is first computed  

to test for the presence of serial correlation. The test for the presence of serial correlation 

in the series is calculated by regressing the series on a constant and p  lags. Values of p 

ranging from 1 to 5 are tested in this analysis. The test statistic TR^  (the number of 

observations multiplied by the coefficient of multiple correlation) is distributed as a xfpy  

The null and alternative hypotheses are

^ 0  : 7 i =  0  and 7 2  =  0  and 7 3  =  0  and ... and 7 p =  0

H a '■ 7 i 7  ̂ 0  or 7 2  7  ̂ 0  or 7 3  0  or or 7 p ^  0

The test is one of a joint null hypothesis that all p lags of the series have coefficient

values that are not significantly different from zero. The AR  coefficient is denoted 7 (p).

The test can also be seen as a test for autocorrelation.

Table 5.14 shows that all three tested series exhibit significant serial correlation. The 

calculated value is 603.38, 43.49 and 30.67 for the number of words, negative sentiment 

and positive sentiment respectively. The evidence being greatest for the number of words 

series, followed by the negative sentiment series and the positive sentiment series shows 

the least evidence of autocorrelation.

The number of words, negative sentiment and positive sentiment are all serially correlated 

and are potential candidates for reducing the observed persistence in the volatility of 

returns above that of the inclusion of volume alone. This can be tested by the inclusion  

of these variables as an exogenous variable in a GARCH model as will be seen in section  

5.3.5.
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Table 5.14: Testing for serial correlation

Variable Coeff S td  Error t-S ta t S ig n i f
Constant 642.54 112.34 5.72 <0.001
Words{l} 0.17 0.025 6.83 <0.001
Words{2} 0.13 0.025 5.14 <0.001
Words{3} 0.15 0.025 5.79 <0.001
Words{4} 0.18 0.025 7.13 <0.001
Words{5} 0.20 0.025 7.917 <0.001
Chi-Squared (xi) =  603.68 with significance level <0.001
Constant 0.017 0.001 13.90 <0.001
Negative 0.077 0.026 2.99 0.003
sentimentf 1} 
Negative 0.048 0.026 1.86 0.063
sentiment{2}
Negative 0.091 0.026 3.54 <0.001
sentimentfS}
Negative 0.042 0.026 1.64 0.101
sentiment{4}
Negative 0.059 0.026 2.30 0.022
sentiment{ 5 }
Chi-Squared =  43.49 with significance level <0.001
Constant 0.026 0.002 14.87 <0.001
Positive 0.062 0.026 2.416 0.016
sentiment{ 1} 
Positive 0.064 0.026 2.499 0.013
sentiment{2}
Positive 0.006 0.026 0.247 0.804
sentiment{3}
Positive -0.019 0.026 -0.758 0.448
sentiment{4}
Positive 0.107 0.026 4.184 <0.001
sentiment{5}
Chi-Squared (xs) =  30.67 with significance level <0.001
Notes: Test for the presence of serial correlation in the number of words, negative sentiment and 
positive sentiment up to five lags
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5.3.5 D oes sentim ent reduce the persistence in GARCH  effects?

An AR(1)-GARCH(1,1), model 1, is estim ated for each company and the results are 

presented in table 5.15. This gives the estim ated persistence for each model when 

no exogenous variable is included in the volatility equation. The mean persistence is 

estim ated to be 0.959 (median =  0.980).

Next, four AR(1)-GARCH(1,1)-X models are estim ated for each company using volume, 

the num ber of words, negative sentim ent and positive sentiment as the exogenous variable 

and the results of each are compared to the AR(1)-GARCH(1,1). Firstly, volume is 

added as an exogenous variable in model 2 and the results are presented in table 5.16. 

All twenty exogenous variable are positive and significant at the 5% level of significance. 

The addition of volume to the volatility equation reduces the estim ated persistence to a 

mean of 0.164 (median =  0.081). Secondly, the num ber of words variable is added as an 

exogenous variable in model 3 and the results are presented in table 5.17. Nine of the 

twenty exogenous variable are positive and significant a t the 5% level of significance. The 

addition of the number of words variable to  the volatility equation gives an estim ated 

mean persistence of 0.924 (median =  0.956). The results of model an AR(1)- 

GARCH(1,1)-X with negative sentiment as the exogenous variable, are presented in table 

5.18. Thirteen of the twenty exogenous variable are positive and significant a t the 5% 

level of significance (two are negative and significant). The estim ated mean persistence is 

0.958 (median =  0.978). This results is similar to Tetlock (2007) who finds th a t pessimism 

weakly predicts increases in m arket volatility using regression analysis. Finally, model 

5 gives the estim ated persistence for an AR(1)-GARCH(1,1)-X with positive sentiment 

as the exogenous variable. Eight of the twenty exogenous variable are negative and 

significant a t the 5% level of significance (three are positive and significant). The results 

are presented in table 5.19. The estim ated mean persistence is 0.958 (median =  0.980).

To investigate if the addition of an exogenous variable has a significant affect on the 

estim ated persistence a paired t-test and Wilcoxon Signed rank test are applied. The 

paired t-test test the null hypothesis th a t there is no difference in the persistence before 

and after the addition on an exogenous variable. It assumes th a t the differences are 

normally distributed. The Wilcoxon Signed Rank test is a nonparam etric test used to  test 

the null hypothesis the median difference in persistence between the AR(1)-GARCH(1,1) 

and the AR(1)-GARCH(1,1)-X is zero. The alternative hypothesis is th a t the median
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is not equal to zero. Table 5.23 presents the results of these test. Consistent with the 

results in chapter 4 the inclusion of volume as an exogenous variable significantly reduces 

the persistence. The p-value for the paired t-test and the Wilcoxon Signed Rank test are 

both < 0.001. The mean reduction is 0.80 (median =  0.86).

When the number of words is used as the exogenous variable the mean reduction is 0.035 

(median =  0.012). Both the parametric (p-value =  0.019) and nonparametric (p-value 

< 0.001) tests find this reduction significant. The number of words variable significantly 

reduces the persistence in volatility when added as an exogenous variable in the volatility 

of returns.

The results of the difference in estimated persistence based on the inclusion of negative 

sentiment and positive sentiment are not as conclusive. The mean reduction in 

persistence when negative sentiment is included is 0.0003 (median =  0.005). This is 

highly insignificant using the paired t-test (p-value = 0.952). However, the differences are 

not normally distributed so the paired t-test may be invalid. The Wilcoxon Signed Rank 

finds the difference in persistence before and after the inclusion of negative sentiment 

significant (p-value =  0.025). It should be noted that this test merely ranks the differences 

and adds the ranks associated with the differences. It does not account for the absolute 

magnitude of the differences. The addition of the negative sentiment variable to volatility 

of returns equation consistently results in a lower level of persistence, but this difference 

is almost negligible.

The mean reduction in persistence when positive sentiment is included is 0.0017 (median 

=  0.0002). Neither the paired t-test (p-value =  0.461) nor the Wilcoxon Signed Rank (p- 

value =  0.837) test find this reduction significant. The addition of the positive sentiment 

variable to volatility of returns equation does not consistently result in a lower level of 

persistence.

The results reiterate those found in chapter 4. The most suitable model for the volatility 

of returns is an AR(1)-GARCH(1,1)-X with volume as an exogenous variable. Next, the 

analysis investigates if the inclusion an additional exogenous variable further reduces the 

persistence above that of volume alone. The new baseline model for comparison is the 

AR(1)-GARCH(1,1)-X, illustrated in table 5.16 with volume as the exogenous variable 

and one by one, each of the additional variables, the number of words, negative sentiment 

and positive sentiment are added to the AR(1)-GARCH(1,1)-X.
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Table 5.20 which presents the results for when the number of words is included in addition 

to volume in the volatility of returns equation with the mean estimated persistence 

being 0.184 (median =  0.095). The difference is not significant (paired t-test p-value = 

0.193; Wilcoxon Signed Rank p-value =  0.985). The inclusion of the number of words 

variable in addition to volume does not significantly reduce the estimated persistence 

when compared to the model with volume alone. The inclusion of negative sentiment, 

table 5.21, (paired t-test p-value =  0.217; Wilcoxon Signed Rank p-value =  0.067) and 

positive sentiment, table 5.22, (paired t-test p-value =  0.604; Wilcoxon Signed Rank 

p-value =  0.380) as exogenous variables in addition to volume leads to qualitatively 

similar results. Neither of these variables, in addition to volume, significantly reduce the 

estimated persistence when compared to the model with volume alone. The number of 

words, negative sentiment and positive sentiment do not result in a significant difference 

in the level of persistence when included as an exogenous variable in the volatility of 

returns equation in addition to volume. The significance of this result is discussed and 

analysed in section 5.4, which concludes this chapter.
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T a b l e  5.15: Model 1: The GARCH(1,1) m odel

C o m p a n y tti 012 cei +  Q2
W al-M art Stores 0.04 0.949 0.989

(8.62) (163.11)
Exxon Mobil 0.074 0.904 0.978

(7.50) (63.26)
General M otors 0.126 0.875 1.001

(11.83) (106.20)
Ford M otor 0.08 0.917 0.989

(10.18) (146.37)
General Electric 0.066 0.931 0.997

(7.46) (112.21)
Cardinal Health 0.182 0.797 0.978

(17.12) (109.18)
ConocoPhillips 0.07 0.915 0.985

(6.44) (71.80)
IB M 0.125 0.841 0.967

(9.43) (54.71)
H ew lett-Packard 0.068 0.889 0.956

(8.34) (77.81)
Home Depot 0.058 0.933 0.991

(6.94) (103.32)
Verizon Comm. 0.085 0.893 0.979

(7.36) (66.06)
M cK esson 0.141 0.763 0.904

(10.33) (31.95)
ChevronTexaco 0.087 0.897 0.984

(6.47) (52.68)
A ltria  Group 0.117 0.829 0.946

(10.98) (56.95)
Kroger 0.148 0.744 0.892

(8.49) (33.46)
Valero Energy 0.059 0.936 0.995

(7.35) (135.49)
Boeing 0.047 0.946 0.993

(6.53) (113.29)
Am ersourceBergen 0.238 0.496 0.734

(9.48) (9.79)
Pfizer 0.066 0.915 0.98

(9.48) (147.16)
Proctor& Gamble 0.106 0.831 0.937

(6.53) (32.41)
Mean 0.099 0.860 0.959
M edian 0.083 0.895 0.980

Notes: This table reports the estimates for the GARCH(1,1) model of returns,
with the parameter space in the variance equation constrained to be non
negative. Asymptotic t-statistics are presented in brackets



Chapter 5. Volume, Volatility and Sentiment 188

T a ble  5.16: Model 2: The GARCH(1,1)-X m odel w ith turnover as exogenous
variable

C o m p a n y Ql 02 Ql -I- Q2 T u m o v e r ia s )
Wal-Mart Stores 0.014* 0.000* 0.014 0.046

(0.73) (0.00) (23.31)
Exxon Mobil 0.071* 0.015* 0.086 0.064

(1.73) (0.15) (8.614)
General Motors 0.414 0.42 0.834 0.018

(10.34) (13,25) (11.09)
Ford Motor 0.185 0.000* 0,185 0.042

(5.58) (0.00) (20.27)
General Electric 0.122 0.110 0.232 0.055

(26.06) (5.76) (16.85)
Cardinal Health 0.124 0.000* 0,124 0.04

(5.36) (0.00) (18.27)
ConocoPhillips 0.151 0.190 0,341 0.051

(5.69) (4.900) (20.65)
IBM 0.035* 0.000* 0.035 0.04

(1.54) (0.00) (21.69)
Hewlett-Packard 0.002* 0.000* 0.002 0.061

(0.11) (0.00) (26.35)
Home Depot 0.046* 0.000* 0.046 0.046

(1.79) (0.00) (23.71)
Verizon Comm. 0.186 0.207 0.393 0.032

(6.36) (3.27) (10.76)
McKesson 0.077 0.000* 0.077 0.039

(2.66) (0.00) (20.80)
ChevronTexaco 0.091 0.100* 0.191 0.059

(4.53) (1.83) (15,97)
Altria Group 0.033* 0.000* 0.033 0,035

(1.42) (0.00) (19.32)
Kroger 0.002* 0.000* 0.002 0.038

(0.12) (0.00) (26.33)
Valero Energy 0.105 0.085* 0.189 0.036

(2.30) (1.22) (9.04)
Boeing 0.043* 0.000* 0.043 0.049

(1.67) (0.00) (21.44)
AmersourceBergen 0.108 0.000* 0.108 0.022

(4.07) (0.00) (19.04)
Pfizer 0.056 0.000* 0.056 0.046

(2.494) (0.00) (18.51)
Proctor&Gamble 0.068 0.000* 0.068 0.036

(2.39) (0.00) (23.01)
Mean 0.102 0.062 0.164 0.042
Median 0.074 0.000 0.081 0.041

Notes; This table reports the estimates for the GARCH(1,1)-X model of returns with
turnover as the exogenous variable, with the parameter space in the variance equation 
constrained to be non-negative. Asymptotic t-statistics are presented in brackets. An * 
indicates insignificant at the 5% level



Chapter 5. Volume, Volatility and Sentiment 189

T a b l e  5.17: Model 3; The GARCH(1,1)-X model with number of words as
exogenous variable

C o m p a n y oci Ol2 CHI -I- 012 Words{a3 )
W al-M art Stores 0.039 0.952 0.991 -1 .5 1 E -^ ^ *

(8.67) (165.11) (-0.69)
E xxon Mobil 0.078 0.878 0.956 2.38E-0*’

(6.59) (41,05) (2.79)
General M otors 0.128 0.872 1.00 1 .39E -°8*

(11.44) (99.26) (0.61)
Ford M otor 0.084 0.91 0.994 2.22£:-°®*

(10.03) (128.19) (1.47)
General Electric 0.069 0.924 0.992 1.22£-o® *

(7.07) (92.97) (1.53)
Cardinal Health 0.157 0.555 0.712 3.57£;-°®

(5.82) (19.28) (17.37)
ConocoPhillips 0.078 0.905 0.983 9.29£;^*°*

(6.21) (60.17) (0.76)
IB M 0.121 0.832 0.953 1.44£;-09

(8.26) (48.72) (2.16)
H ewlett-Packard 0.054 0.856 0.909 7.87E-09

(6.20) (40.76) (4.14)
H om e Depot 0.059 0.93 0.989 2.01E -10*

(6.84) (85.53) (0.26)
Verizon Comm. 0.085 0.886 0.971 9.62E -10*

(7.00) (58.00) (1.46)
M cK esson 0.104 0.733 0.837 1.20B-0®

(7.95) (22.40) (7.08)
ChevronTexaco 0.088 0.89 0.978 8 .5 1 £ - '° *

(6.19) (45.23) (0.92)
A ltria  Group 0.102 0.826 0.928 1.79B-0®

(9.20) (53.97) (2.77)
Kroger 0.075 0.769 0.844 1 21£;-08

(6.64) (25.48) (7.23)
Valero Energy 0.06 0.932 0.992 1.34E-09*

(7.01) (95.68) (0.75)
Boeing 0.046 0.938 0.984 1.44E-0®*

(5.97) (79.86) (1.28)
Am ersourceBergen 0.166 0.54 0.706 7.59£-o®

(7.06) (10.72) (4.69)
P fizer 0.09 0.771 0.86 i .o i£ ;-° «

(5.95) (26.85) (7.13)
Proctor&Gamble 0.077 0.82 0.897 3.24f;-o®

(5.01) (24.93) (4.58)
M ean 0.088 0.836 0.924
M edian 0.081 0.875 0.956 1.62E-09

Notes: This table reports the estim ates for the GARCH(1,1)-X model of returns with
the number of words as the exogenous variable, w ith the param eter space in the variance 
equation constrained to  be non-negative. Asymptotic t-sta tistics are presented in brackets
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T a b l e  5.18: Model 4: The GARCH(1,1)-X model with negative sentiment as
exogenous variable

C o m p a n y a i 012 Ql -f Q2 N e g a tiv e  
S e n t i m e n t  (0 4 )

W al-M art Stores 0.042 0.94 0.982 4.48E-04
(8.19) (140.96) (2 .88)

E xxon Mobil 0.073 0.895 0.968 9.69E-04
(6.974) (52.24) (2.40)

General M otors 0.114 0.881 0.995 0.003
(10.77) (92.91) (3.15)

Ford M otor 0.076 0.914 0.99 0.002
(9.81) (144.66) (2.58)

General Electric 0.065 0.931 0.997 6.79E-05*
(7.45) (112.58) (0.37)

Cardinal Health 0.183 0.799 0.981 -3.78E-04
(16.18) (105.46) (2.18)

ConocoPhillips 0.07 0.91 0.98 0.001
(6.13) (66.30) (2.18)

IB M 0.114 0.849 0.963 5.64E-04
(9.08) (58.78) (2.31)

H ewlett-Packard 0.078 0.864 0.941 0.001
(8.53) (68.71) (2.26)

H om e Depot 0.059 0.93 0.989 1.76E-04*
(6.64) (88.92) (0.49)

Verizon Comm . 0.086 0.89 0.976 2.30E-04*
(7.14) (59.94) (1.03)

M cK esson 0.141 0.744 0.886 0.002
( 10.12) (29.73) (3.16)

Chevron Texaco 0.087 0.887 0.973 0.001
(6.09) (46.22) (2.45)

A ltria  Group 0.113 0.827 0.94 0.001
(10.38) (54.92) (2.43)

Kroger 0.012 0.97 0.982 0.001
(5.04) (167.01) (3.73)

Valero Energy 0.061 0.931 0.992 0.001*
(7.072) (118.92) (1.53)

Boeing 0.045 0.946 0,991 2.76E-04*
(6.46) (106.74) (0 .86)

Am ersourceBergen 0.268 0.48 0.747 -0.003
( 10.00) (10.26) (-5.65)

P fizer 0.14 0.826 0.966 -0.001
(8.92) (44.34) (-3.63)

Proctor & Gam ble 0.089 0.849 0.939 0.001
(6 .10) (35.06) (4.50)

M ean 0.096 0.863 0.958 0.001
M edian 0.082 0.888 0.978 0.001

Notes: This table reports the estimates for the GARCH(1,1)-X model of returns with
negative sentiment as the exogenous variable, with the parameter space in the variance 
equation constrained to be non-negative. Asymptotic t-statistics are presented in brackets



Chapter 5. Volume, Volatility and Sentiment 191

T a b l e  5.19: Model 5: The GARCH(1,1)-X model with positive sentiment as
exogenous variable

C o m p a n y Ol Q2 O l\ +  Q 2 P o s i t iv e  
S e n t i m e n t  (0:4 )

W al-M art Stores 0.039 0.951 0.99 -2.60E-04
(8.51) (167.69) (-2.85)

E xxon Mobil 0.074 0.902 0.977 2.95E-04*
(7.50) (61.56) (1.05)

General M otors 0.117 0.884 1.001 -0.003
(11.74) (112.32) (-5.11)

Ford M otor 0.076 ' 0.922 0.999 -0.001
(10.23) (153.68) (-2.05)

General Electric 0.064 0.932 0.997 1.83E-04*
(7.40) (113.11) (1.38)

Cardinal Health 0.173 0.81 0.983 -0.002
(15.92) (101.48) (-4.10)

Conoco Phillips 0.07 0.916 0.986 -4.20E-05*
(6.39) (71.44) (-0 .11)

IB M 0.129 0.838 0.967 -0.001
(9.40) (51.23) (-3.60)

H ewlett-Packard 0.059 0.908 0.967 -0.001
(8.39) (91.19) (-6 .68)

Home Depot 0.06 0.931 0.99 1.02E-04*
(6.59) (96.09) (0.50)

Verizon Comm. 0.085 0.893 0.978 2.36E-04
(7.45) (65.98) (1.18)

M cK esson 0.138 0.769 0.907 -0.001
(10.38) (32.77) (-2.06)

ChevronTexaco 0.087 0.895 0.983 1.33E-04*
(6.42) (50.63) (0.35)

A ltria  Group 0.116 0.841 0.957 -0.002
(10.72) (60.28) (-7.40)

Kroger 0.135 0.752 0.887 0.001
(7.79) (30.94) (3.63)

Valero Energy 0.054 0.942 0.996 -0 .001*
(6.94) (134.00) (-1.55)

Boeing 0.047 0.946 0.993 2.32E-05*
(6.27) (108.77) (0 .10)

A m ersourceBergen 0.23 0.475 0.705 0.004
(9.74) (10.18) (11.83)

P fizer 0.103 0.851 0.954 0.001
(8.32) (46.85) (3.45)

Proctor&Gamble 0.106 0.831 0.937 -4.73E-06*
(6.49) (32.40) (-0.03)

Mean 0.098 0.859 0,958 11.50£;-^^
M edian 0.086 0.894 0.980 - 2 .4 E -0 5

Notes: This table reports the estimates for the GARCH(1,1)-X model of returns with
positive sentiment as the exogenous variable, with the parameter space in the variance 
equation constrained to be non-negative. Asymptotic t-statistics are presented in brackets
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T able  5 .20: M odel 6: GARCH(1,1)-X m odel with turnover and no. o f words

C o m p a n y a i a2 ctl +  Q2 T u m o v e r { a z ) W o rd s  [a i)
W al-M art Stores 0.015* 0.000* 0.015 0.046 -2 .6 E --‘“ *

(0.68) (0.00) (20.37) (-0.15)
Exxon Mobil 0.076 0.031* 0.107 0.062 1 .5 4 £ -0 9 *

(1.98) (0.33) (8.21) (0.52)
General M otors 0.399 0.377 0.776 0.020 9.79E-09

(10.88) (9.97) (8.45) (2.45)
Ford M otor 0.18 0.000* 0.18 0.038 2 .3 if;-°®

(5.67) (0.00) (17.43) (4.07)
General Electric 0.093 0.000* 0.093 0.059 3.02E-0®

(3.45) (0.00) (22.74) (2.25)
Cardinal Health 0.116 0.000* 0.116 0.040 5.95E-0®

(4.51) (0.00) (23.77) (4.23)
ConocoPhillips 0.146 0.188 0.334 0.049 6.61E-°® *

(4.83) (4.14) (16.65) (1.61)
IB M 0.035* 0.000* 0.035 0.040 6 .1 4 E -io »

(1.47) (0.00) (18.83) (0.46)
H ew lett-Packard 0.001* 0.000* 0.001 0.058 7 .57E -09*

(0.10) (0.00) (18.89) (1.54)
Home Depot 0.045* 0.000* 0.045 0.044 4 .6 2 E -°8 *

(1.73) (0.00) (19.45) (1.31)
Verizon Comm . 0.176 0.224 0.400 0.038 3.76£-°® *

(5.75) (2.86) (8.27) (1.39)
M cK esson 0.068 0.000* 0.068 0.038 3 .53E -0S*

(2.76) (0,00) (21.08) (1.34)
ChevronTexaco 0.086 0.107 0.193 0.058 1.84£-0® *

(3.58) (1.85) (13.18) (0.65)
A ltria  Group 0.032* 0.000 0.032 0.035 1.30E-0®*

(1.44) (0.00) (19.99) (0.71)
Kroger 0.011 0.000* 0.011 0.036 5.35E-0®

(7.61) (0.00) (9.10) (7.75)
Valero Energy 0.036* 0.01 0.046 0.032 6 .5 E -0 8

(1.42) (0.16) (9.26) (5.91)
Boeing 0.042 0.000* 0.042 0.048 1.35E-0®

(1.80) (0.00) (22.22) (9.55)
Am ersourceBergen 0.100 0.000* 0.100 0.021 9.26E -0S

(3.82) (0.00) (18.78) (4.77)
Pfizer 0.05 0.000* 0.05 0.043

(2.21) (0.00) (17.54) (2.56)
Proctor&Gamble 0.064 0.000* 0.064 0.035 1.52E -09*

(2.26) (0.00) (18.90) (1.07)
M ean 0.0910 0.0490 0.140 0.0420 5 .6 4 £ ;-‘''̂
M edian 0.0680 0.000 0.068 0.040 4.48£;-°®

Notes: This table reports the estimates for the GARCH(1,1)-X model of returns with turnover
and the number of words as the exogenous vairiables, with the parameter space in the variance 
equation constrained to be non-negative. Asymptotic t-statistics are presented in brackets
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T a b l e  5.21: Model 7: GARCH(1,1)-X model with turnover and negative sentiment

C o m p a n y a i Q2 Q:i -t- Ol2 T u r n o v e r (c i3 ) N e g a tiv e  
s e n t im e n t  (0 4 )

W al-M art Stores 0.014* 0 .000* 0.014 0.046 1 .5 3 E -‘J“ *
(0.69) (0 .00) (20.41) (0.48)

E xxon Mobil 0.065 0 .000* 0.065 0.068 0.001
(2.9) (0 .00) (22.01) (2.63)

General M otors 0.409 0.428 0.837 0.018 0.002
(28.28) (55.42) (58.98) (44.72)

Ford M otor 0.184 0 .000* 0.184 0.042 0.001
(5.84) (0 .00) (21.17) (2.52)

General Electric 0.106 0.082 0.188 0.057 1.16£:-°5
(37.79) (47.68) (19.45) (11.02)

Cardinal Health 0.128 0 .000* 0.128 0.039 0.001
(46.16) (0 .00) (16.10) (53.76)

ConocoPhillips 0.146 0.162 0.308 0.052 0 .001*
(5.23) (3.43) (15.73) (1.09)

IB M 0.048 0 .000* 0.048 0.042 0.001
(2.75) (0 .00) (42.58) (6.09)

H ewlett-Packard 0.013 0 .000* 0.013 0.063 0.002
(0.72) (0 .00) (25.91) (6.91)

Hom e Depot 0.044* 0 .000* 0.044 0.047 3 .4 0 £ ;-° '‘*
(1.64) (0 .00) (19.071) (0.62)

Verizon Comm . 0.175 0.152 0.327 0.038 0.001
(5.81) (2 .88) (12.36) (4.20)

M cK esson 0.085 0.000* 0.085 0.039 0.001*
(3.06) (0 .00) (22.32) (1.71)

ChevronTexaco 0.092 0.080* 0.172 0.061 0.001*
(3.81) ( 1.66) (14.93) (1.34)

A ltria  Group 0.033* 0 .000* 0.033 0.035 3 .4 8 E -° ‘‘*
(1.35) (0.00) (18.78) (0.74)

Kroger 0.008* 0 .000* 0.008 0.036 -0 .001*
(0.45) (0 .00) (23.02) (-1.76)

Valero Energy 0.094 0.061* 0.155 0.037 0.003
(2.84) (1.45) (14.13) (4.31)

Boeing 0.039* 0 .000* 0.039 0.05 0.001
(1.73) (0 .00) (24.16) (2.47)

Am ersourceBergen 0.109 0 .000* 0.109 0.022 -0 .001*
(4.12) (0 .00) (18.84) (-0.90)

P fizer 0.061 0 .000* 0.061 0.046

*000

(2.53) (0 .00) (17.83) (-1.44)
Proctor & Gamble 0,059 0 .000* 0.059 0.038 0.001

(2.44) (0 .00) (20.56) (2.59)
Mean 0.095 0.051 0.143 0.041 0.001
M edian 0.065 0.000 0.065 0.0420 0.001

Notes: This table reports the estimates for the GARCH(1,1)-X model of returns with turnover and negative
sentiment as the exogenous variables, with the parameter space in the variance equation constrained to be 
non-negative. Asymptotic t-statistics are presented in brackets
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T a b l e  5.22: Model 8: GARCH(1,1)-X model with turnover and positive sentiment

C om pany c e i CX2 Oil +  Q2 Tum over{a3) P ositive  
se n tim e n t  (04)

W al-M art Stores 0.014* 0.000* 0.014 0.046 -2 .0 1 J5 -1 ’**
(0.80) (0 .00) (24.20) (-0.04)

E xxon Mobil 0.079 0.038 0.116 0.063 -0.001
(2.21) (0.48) (10.65) (-1.62)

General M otors 0.410 0.381 0.791 0.020 0.004
(10.33) (9.90) (9.22) (2.16)

Ford M otor 0.183 0.000* 0.183 0.042 0.002
(5.74) (0 .00) (20.09) (10.25)

General Electric 0.124 0.044 0.168 0.057 4.32E~°*
(16.24) (71.56) (155.43) (18.51)

Cardinal Health 0.119 0 .000* 0.119 0.042 0.001
(6.36) (0 .00) (38.20) (25.22)

Conoco Phillips 0.148 0.171 0.319 0.052 4.74£;-o^*
(5.42) (3.83) (14.86) (0.89)

IB M 0.046 0.000 0.046 0.041 -0.001
(12.15) (0 .00) (43.15) (-80.38)

H ew lett-Packard 0.002 0.000* 0.002 0.061 0 .001*
(0.15) (0.00) (25.54) (0.59)

Hom e Depot 0.046 0 .000* 0.046 0.046 0 .001*
( 1.8) (0 .00) (22.71) (1.42)

Verizon Comm . 0.188 0.215 0.403 0.032 -0 .001*
(6.40) (3.48) (10.9) (-1.01)

M cK esson 0.074 0.000* 0.074 0.039 -0 .002*
(2.73) (0 .00) (20.99) (-1.98)

ChevronTexaco 0.087 0.827 0.914 0.006 -9 .2 E ~ ° ^ *
(5.95) (19.39) (2.37) (-0.16)

A ltria  Group 0.033 0 .000* 0.033 0.035 2 .34E -04*
(1.5) (0 .00) (19.51) (0.48)

Kroger 0.003 0 .000* 0.003 0.038 i .5 0 f ;-° ^ *
(0 .21) (0 .00) (27.45) (0.41)

Valero Energy 0.064 0 .000* 0.064 0.040 0.003
(2.95) (0 .00) (22.57) (1.58)

Boeing 0.053 0 .000* 0.053 0.051 0.002
(10.99) (0 .00) (4.46) (7.53)

Am ersourceBergen 0.115 0.009* 0.124 0.022 0.002
(4.25) (0 .22) (17.24) (3.01)

P fizer 0.056 0.000* 0.056 0.046 -2 .8 0 /? “ °^*
(2.63) (0 .00) (19.00) (-0.64)

P roctorB  Gamble 0.067 0.000* 0.067 0.036 7 24£;05*

(2.55) (0 .00) (21.78) (0 .22)
M ean 0.112 0.101 0.184 0.040 0.001
M edian 0.079 0.000 0.095 0.041 4 .32£;-°^

Notes: This table reports the estimates for the GARCH(1,1)-X model of returns with turnover and positive
sentiment as the exogenous variables, with the parameter space in the variance equation constrained to be 
non-negative. Asymptotic t-statistics are presented in brackets
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T a b l e  5.23; Wilcoxon Signed Rank test for difference in persistence

Difference in persistence between model 1 and model 2
Testing the im pact of volume

Mean Median Paired t  95% C I t - t e s t  Wilcoxon 95% C I w i l c o x o n Jarque Bera
0,796 0.863 18.09 (0.7038, 0.8880) 210 

(<0.001) (<0.001)
(0.734, 0.897) 30.13

(<0.001)
Difference in persistence between model 1 and model 3

Testing the im pact of the number of words
Mean Median Paired t  95% C l i - t e s t  Wilcoxon 95% C l w i l c o x a n Jarque Bera
0.0353 0.0115 2.55 (0.0064, 0.0643) 207 

(0.019) (<0.001)
(0.008, 0.040) 127.48

(<0.001)
Difference in persistence between model 1 and model 4

Testing the im pact of negative sentiment
Mean Median Paired t  95% C I t - t e s t  Wilcoxon 95% C I w ^ i l c o x o n Jarque Bera
0.0003 0.0047 0.06 (-0.01019, 0.01080) 165 

(0.952) (0.025)
(0.0008, 0.0082) 254.86

(<0.001)
Difference in persistence between model 1 and model 5

Testing the impact of positive sentim ent
Mean Median Paired t  95% C I t - t e s t  Wilcoxon 95% C I w i l c o x o n Jarque Bera
0.0017 0.0002 0.75 (-0.00293, 0.00623) 111 

(0.461) (0.837)
(-0.002, 0.002) 29.15

(<0.001)
Difference in persistence between model 2 and model 6

Testing the im pact of the num ber of words in addition to  volume
Mean Median Paired t  95% C I t - t e s t  Wilcoxon 95% C l w i l c o x o n Jarque Bera

-0.0211 0.0001 1.35 (-0.0152, 0.0708) 106 
(0.193) (0.985)

(-0.0075, 0.0064) 208.46
(<0.001)

Difference in persistence between model 2 and model 7
Testing the im pact of negative sentiment in addition to volume

Mean Median Paired t  95% C I t - t e s t  Wilcoxon 95% C l w i t c o x o n Jarque Bera
0.0278 0.0024 1.28 (-0.0123, 0.0510) 154.5 

(0.217) (0.067)
(-0.0001,0.0287) 296.53

(<0.001)
Difference in persistence between model 2 and model 8

Testing the im pact of positive sentiment in addition to  volume
Mean Median Paired t  95% C I t - t e s t  Wilcoxon 95% C I w i L c o x o n , Jarque Bera
0.0302 0.0321 -0.53 (-0.1046, 0.0625) 129 

(0.604) (0.38)
(-0.054, 0.144) 12.01

(<0.001)
Notes: The paired t-test test the null hypothesis th a t there is no significant difference between 
the mean persistence before and after the addition of an additional exogenous variable. The 
Wilcoxon Signed R ank test tests the null hypothesis th a t the median difference in persistence, 
before and after the addition of an additional exogenous variable, is zero. The Jarque-B era 
tests the null hypothesis th a t the data  is normally distributed.
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5.4 Sum m ary and conclusions

The cause of GARCH effects still remains unexplained however there may be a role for 

sentiment in explaining the volume-volatihty relationship. The results of Clark (1973) are 

confirmed in this study for the volume-volatility relationship and the same conclusions 

may be drawn by using the number of words variable in lieu of volumes. Based on this 

methodology, both volume and the number of words variable in some sense measure the 

speed of evolution of information to the market. The results for the negative sentiment 

and positive sentiment variables are mixed, with stronger consistency with the MDH 

observed for the negative sentiment variable. The MDH has no direct implications for 

negative and positive information, but only for the flow of information into the market. 

In conclusion, the number of words may measure speed of evolution of information to the 

market for the tested sample. However, this analysis does not provide conclusive results 

and further analysis is required.

The predictions made about the joint distribution of volume and volatility by the MDH 

as presented by Harris (1986) hold true for volume and volatility of the firms examined in 

this analysis (with the exception of the correlation between returns and volume). Based 

on Harris (1986), new predictions are made for the number of words, negative sentiment 

and positive sentiment variables. Intuitively, if trading volumes and the number of 

words both measure information coming into the market, then parallels can be drawn 

between the two variables. These new predictions are tested and found to hold true 

for the number of words variable implying that it in some sense, measures the speed of 

evolution of information into to market. No implications about positive sentiment and 

negative sentiment can be made based on the predictions presented in Harris (1986) so 

the characteristics of these distributions are investigated and are found to be in hne with 

both volume and the number of words. The number of words, negative sentiment and 

positive sentiment are all consistent with the MDH based on the sample statistics and 

testing methodology of Harris (1986).

A positive relationship between the dynamic equicorrelation of stock returns and the 

amount of information flowing into the market on a given day is observed. As the amount 

of information to the market increases, as measured by the number of words variable, 

the correlation among the stock returns also increases. The dynamic equicorrelation is 

consistent with the MDH. As the equicorrelation between returns increases, the volatility
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of returns increases. When the equicorrelation is controlled for, the kurtosis of returns 

is reduced. The dynamic equicorrelation is related to the flow of information into the 

market. The greater the information flowing into the market on a given day, the greater 

the equicorrelation.

The number of words, negative sentiment and positive sentiment are all serially correlated 

variables with the strongest serial correlation observed for the number of words, followed 

by negative sentiment and lastly, positive sentiment. These variables are therefore 

potential candidates for reducing the observed persistence in the volatility of returns 

by inclusion as exogenous variables in the GARCH model. This is consistent with the 

findings of Liesenfeld (2001) that suggests volatility is determined by both the number 

of information arrivals and an additional serially correlated variable while volumes 

are only determined by the number of information arrivals. The sentiment variables 

are investigated as possible explanations for the heterogeneity observed in the joint 

volume-volatility dynamics.

The relationship between sentiment and the volatility of returns is investigated by using 

an AR(1)-GARCH(1,1)-X with sentiment as an exogenous variable in the volatility of 

returns equation. The number of words significantly reduces the persistence in GARCH 

effects but this reduction is marginal when compared to the reduction in persistence 

resulting from using volume as an exogenous variable. The inclusion of negative sentiment 

and positive sentiment as exogenous variables do not consistently have a significant effect 

on persistence. When the number of words, negative sentiment and positive sentiment 

are included as exogenous variables in addition to volume, no additional reduction in 

persistence is observed. This result is consistent with the finding of Antweiler and Frank 

(2004) who report tha t trading volume reduces the impact of the number of information 

arrivals on market volatility. The sentiment measures do not reduce persistence beyond 

known sources of persistence.

The results of this study are largely in line with previous studies which predominantly 

focus on market-level analysis. The amount of information flowing into the market, as 

proxied by publicly available information, is related to trading volume (Berry and Howe, 

1994; Mitchell and Mulherin, 1994; Antweiler and Frank, 2004; Tetlock, 2007), regardless 

of the source of the information variable. Berry and Howe (1994) use the number of news 

releases by Reuter’s News Service as the proxy for the information variable. Mitchell
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and Mulherin (1994) use the number of stories per day reported by Dow Jones on the 

Broadtape and in the Wall Street Journal. Antweiler and Frank (2004) use internet 

stock message boards and Tetlock (2007) uses the Wall Street Journal’s “Abreast of the 

Market” column. The results lend support to the notion that when information flow is 

light, trading is slow.

The amount of information flowing into the market, as proxied from publicly available 

information, is also related to volatility. Mitchell and Mulherin (1994) find that the 

correlation between the absolute value of market returns and news is smaller in magnitude 

(p =  0.055, p-value =  0.0113) tha t that between news and trading volume {p — 0.367, p- 

value =  0.0001). This finding is consistent with the results of this chapter. Antweiler and 

Frank (2004) find that internet stock message boards posting is correlated with volatility. 

This holds up for the contemporaneous regressions and more messages are posted during 

volatile periods. Das and Chen (2006) also find that message posting volume is positively 

related to volatility. In contrast, Berry and Howe (1994) find evidence of an insignificant 

relationship between price volatility and the news proxy.

Tetlock (2007) constructs a single media factor which is strongly related to pessimistic 

words and only considers negative sentiment in his analysis. Tetlock et al. (2008) finds 

that positive sentiment produces much weaker results than negative sentiment in relation 

to predicting stock returns and firm’s earnings. These findings are consistent with the 

results of this chapter where it is found that stronger contemporaneous relationships 

are observed between negative sentiment and volume, negative sentiment and volatility 

than between positive sentiment and volume and positive sentiment and volatility. 

Tetlock (2007) finds that negative sentiment is associated with contemporaneous volume. 

However, Tetlock (2007) primarily focuses on the ability of the media factor to predict 

returns, volume and volatility of a market index. Negative sentiment is found to 

predict increases in volume on the next trading day and weakly predict increases 

in volatility. Tetlock (2007) suggests the straightforward interpretation for negative 

sentiment predicting increases in volume is that high absolute values of pessimism are 

a proxy for disagreement between noise traders and rational traders, which leads to 

increases in trading volume on the next trading day.

Overall, the relationships found between sentiment and returns in this chapter are weaker 

than that of volume and returns. This is mainly due to the fact that the volume variable is
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company specific whereas sentiment is constructed for the market as a whole. Evidence 

suggests that the number of words variable may be the most suitable measure of the 

latent information variable of the three new proposed variables. Overall, at a firm level, 

the number of words variable may provide further insight into the flow of information 

to the market. The role of positive and negative sentiment in the volatility of returns is 

somewhat more unclear but negative sentiment consistently provides more information 

about market volatility than positive sentiment. The AR(1)-GARCH(1,1)-X with volume 

as the exogenous remains the most suitable model for modelling the volume-volatility 

relationship.



Chapter

Volume, Volatility and Takeovers

6.1 Introduction

Studies concerning the market for corporate control have largely focused on the behaviour 

of target stocks around the announcement of takeover bids. They find strong evidence 

tha t target shareholders earn substantial excess returns around takeover announcements 

(Andrade et al. (2001) and Bruner (2003)). Studies examining trading volume have found 

mixed results. Jarrell and Poulsen (1989) and Ascioglu et al. (2002) have found abnormal 

levels of trading volume before the announcement. Sanders and Zdanowicz (1992), 

Jennings (1994) and Vandelanoite (2002) find no significant increase in trading volume 

before the announcement of a takeover. Few studies have investigated the behaviour of 

the price volatility of takeover targets and the findings are inconclusive (Lee et al. (1994), 

Smith et al. (1997) and Hutson and Kearney (2001)). Hutson and Kearney (2001) was 

the first study to jointly investigate the volume-volatility relationship around takeover 

announcements by providing a new setting for the MDH to explain the volume-volatility 

relationship for takeover targets.

The existence of a positive relation between price volatility and trading volume is 

predominantly found in the existing literature, (Lamoureux and Lastrapes (1990, 1994), 

and subsequent work includes Richardson and Smith (1994), Andersen (1996), Bollerslev 

and Jubinski (1999), Gallo and Pacini (2000), Omran and McKenzie (2000), Lobato and 

Velasco (2000), Liesenfeld (2001), Regulez and Zarraga (2002), Li and Wu (2006), Girard 

and Biswas (2007), Ane and Ureche-Rangau (2008), Darolles, Le Fol and Mero (2009)).

200
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Changes occur in the price form ation process when stocks become takeover targets. The 

announcem ent of a takeover is a m ajor corporate event th a t reveals unanticipated news 

to the m arket. In this chapter, the apphcabiUty of the MDH pre and post announcement 

of a takeover, as suggested by Hutson and Kearney (2001), is examined using a GARCH 

model. The volume-volatility relationship is examined, using daily price and volume data, 

for 190 US takeover targets for the period from January  2000 to December 2008. Four 

main questions are addressed. Firstly, does a positive volume-volatility relationship exist 

pre and post announcement of a takeover? Secondly, does the inclusion of volume as an 

exogenous variable in the volatility of returns equation reduce the estim ated persistence 

before the announcement of a takeover? Thirdly, does the inclusion of volume as an 

exogenous variable in the volatility of returns equation reduce the estim ated persistence 

after the announcem ent of a takeover? And finally, is the estim ated persistence pre and 

post announcem ent the same for a target company? These questions are examined by 

subdividing the sample by consideration structure, domestic or cross-border takeovers 

and within or across industries.

Amongst the main findings are th a t a positive volume-volatility relationship exists before 

the announcem ent and after the announcem ent of a takeover. The average estim ated 

pre-announcem ent persistence is greater than  the average estim ated post-announcem ent 

persistence. The inclusion of volume as an exogenous variable reduces both the pre

announcement and post-announcem ent persistence. No significant difi'erence is found in 

the average estim ated pre-announcem ent and post-announcem ent persistence when the 

model contains volume as an exogenous variable. GARCH effects are not present after 

the announcement of a takeover.

Section 6.2 reviews previous models of relevance to  this chapter th a t lead to the 

formulation of the model used in this analysis. Section 6.3 contains the models 

specification and an explanation of the da ta  used. Section 6.4 specifies the hypotheses 

to be tested. Section 6.5 presents the findings and results and finally, section 6.6 gives 

the conclusions and discussion.
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6.2 R eview  of previous m odels

In order to form ulate an appropriate specification to make the necessary hypotheses tests 

in this chapter a review of previous models is first undertaken beginning with Schwert’s 

(1989) model and concluding with Hm aied’s (2007) model. Schwert (1989) estimates 

m onthly standard  deviation of stock returns using a 12th order autoregression for the 

returns with a dum my variable, Dt, to allow different monthly mean returns:

12 12

Rt = CijDjt +  (6.1)
j= i i=i

A 12th order autoregression for the absolute values of the residuals is then estim ated for 

the monthly standard  deviations.

12 12

l^t l  =  ^   ̂0 j ^ jt  ^ pi\^t—i I ( 6 . 2 )
j= l J=1

The sum of the autoregressive coefficients, pi is a m easure of the persistence in the 

volatility.

Davidian and Carroll (1987) argue th a t standard  deviation specifications are more robust 

than  variance specifications and th a t iterated  weighted least squares (WLS) estimates, 

iterating between equation 6.1 and equation 6.2, provides more efficient estim ates. There

is some empirical evidence th a t deviations or absolute returns based models produce

better volatility forecasts than  models based on squared returns (Taylor, 1986; McKenzie. 

1997; Ederington and Guan, 2002) but the m ajority of tim e series volatility models are 

squared returns models (Poon and Granger, 2003).

Schwert (1990) applies his earlier model (Schwert, 1989) to daily da ta  resulting the 

following equation:
6 22

Et = P jR t- j  +  St (6.3
i=l i=l

Half day trading occurred on Saturdays from 1885 to 1952 so a trading week consisted 

of six days.
6 22

\^t\ = '^< yiD it  + Y ^ P i \ i t - j \ + u t  (6.4)
i=i j=i
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Following Davidian and Carroll (1987), Schwert (1990) iterates between the mean and 

the standard  deviation equations to calculate weighted least squares estimates.

Jones et al. (1994) follow a procedure similar to Schwert (1990) to m easure daily volatility 

bu t include an exogenous variable to examine the volume-volatility relationship.

5 12

Rit =  OiikDkt +  P jR it- j + (6-5)
fc=i i= i

where R u  is the  return  of security i on day t and is the day of the week dummy 

variable. The lagged returns are used as regressors to  estim ate short-term  movements 

in conditional expected returns. The volume-volatility relation is estim ated using the 

equation:
12

l^i t l  =  ckj -I- a i t M t  +  P i A V i t  +  p i t - j \ i i t \  +  riit ( 6 - 6 )

j = i

where \iit\ is the absolute residual from the mean equation, M t is a dummy variable

equal to 1 on Mondays and 0 otherwise, AVa is the average trade size (total number

of shares traded divided by the num ber of transactions for security i on day t) and the 

coefficients of the p i j - j ’s measure the persistence in the volatility for security i. Ordinary 

least squares is used for the two step procedure. This provides consistent estim ators of 

the param eters as explained by Pagan and Schwert (1990). Jones et al. (1994) sta te  

th a t the inefficiency of the two-step estim ator OLS estim ators does not pose a significant 

inference problem because when they replicate all the tests using absolute simple returns 

(i.e. estim ating equation 6.6 without estim ating equation 6.5) the results are unaltered.

Naes and Skjeltorp (2006) investigate the volume volatility relationship using the same 

equation as Jones et al (1994). Chan and Fong (2000) examine the role of the num ber of 

trades, trade size and order imbalance in explaining the volume-volatility relationship. 

Following Schwert (1990) and Jones et al. (1994), daily price volatility for each stock is 

estim ated from the absolute residuals of the model:

5 12

Rit — ^   ̂^ ik ^ k t  +  'y  ̂P ijR jt—j  -it (6-7)
fc=l j= l

and are used as the measure of volatility, where R u  is the return  of stock i on day t, D^t 

is the day of the week dummy variable. The 12 lagged returns are used to control for 

any serial dependence in the daily returns. The volume-volatility relation is examined
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using the equation :

(6 .8 )

where \iit \ is the absolute residual from the mean equation, M t is a dummy variable th a t 

is equal to 1 for Monday and 0 otherwise, Vu is the share volume. The lagged values of 

\iit\ are used to control for the persistence in volatility.

Following Jones et al. (1994), a two-step procedure is used. The m ean equation is 

estim ated using OLS, the absolute residuals \iu\ are extracted and used as the dependent 

variables in the second step. The estim ators are consistent bu t not efficient (this does 

not cause inference problems).

Hutson and Kearney (2001) specify a two-equation model for the mean and standard  

deviation of target stocks, as a GARCH model was not possible due to lack of 

convergence. The problem is overcome by following the procedure of Davidian and 

Carroll (1987) and Schwert (1989).

The return  on the asset, Apf, is defined as the log difference between pt and p t- \ .  The 

return  on the m arket is denoted Am^ and LVt denotes the log of trading volumes. The 

mean, equation 6.9, is a generally specified AR model where the target return  is a function 

of a constant, itself lagged up to  five times, the m arket return , and two dum m y variables. 

The dummy variable, PR E, is set to unity before the takeover announcem ent and zero 

after and PO ST is set to zero before the announcem ent and to unity after. The dummy 

variable, ANNOU, is set to unity  on the day of announcement and zero otherwise to 

capture the spike in the retu rn  upon announcement of the takeover.

5
Apf =  do +  ^  ctj Apt_j + a 2 Amt  x PREt

+ a 3 A m t  X POSTt + a^ANNOUt  +  a^C RASH  -I- st (6.9)

5 5

=  70 +  l iL V t-i  +  -fzDUM POSTt + ut (6.10)
i= l
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The dependent variable in the conditional standard  deviation, equation 6.10, is obtained 

as the absolute value of the residuals from the mean equation where at =  |£f|. This is 

the same model as used by Hutson (2007).

Unlike Jones et al. (1994), Chan and Fong (2000) and Naes and Skjeltorp (2006), this 

model is not estim ated by ordinary least squares. Hutson and Kearney (2001) and Hutson 

(2007) sta te  th a t in order to account for the non-zero cross-equation covariances th a t 

arise from the generated regressors problem, equations 6.9 and 6.10 are estim ated jointly 

for each target using generalised least squares (GLS). This is done by estim ating the 

mean equation and using a general-to-specific estim ation strategy until the parsimonious 

version is obtained for each target. Hutson and Kearney (2001) explain th a t in the 

context of estim ating the conditional volatihties of target stocks, the potential gain by 

estim ating the system by GLS is considerable.

Huang and Masulis (2003) examine the question of how trading activity im pacts price 

volatility by analysing daytime and hourly price changes and trading activity for the 

larger stocks in the London m arket. Huang and Masulis (2003) use absolute value of the 

closing price minus the opening price as their prim ary price volatility measure, which 

represents daytim e volatility ra ther than  daily volatility. They use the linear specification

Vit = a + j3Ait + 'jNit -h Eit (6-11)

where Vit represents price volatility, A^t represents average trade size and Nit represents 

the num ber of trades, in each case for stock i over interval t. The equation is estim ated 

using Hansen’s (1982) generalized m ethod of m oments (GMM) m ethod. The GMM 

estim ation m ethod imposes weak distribution assum ptions on the observable variables 

and endogenously adjusts the estim ates to account for general forms of conditional 

heteroskedasticity and /o r serial correlation th a t may be present in the error structure.

Hmaied (2007) models the volume-volatility relationship using a two step procedure 

similar to Jones et al. (1994). The model is similar to th a t  used by Hutson and Kearney 

(2001) and Hutson (2007) but the methodology used to estim ate the model is more 

similar to Jones et al. (1994), Chan and Fong (2000) and Naes and Skjeltorp (2006).
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The retu rn  on day t, Rt is modeled by the equation:

5

Rt  =  Qo +  ^  o : \ k R t - k  +  OC2AN N O U t  +  St (6.12)
k=l

The dummy variable, ANNOU, is included to capture any spike in the return  series th a t 

may occur upon announcement of the takeover. It takes the value 1 on announcem ent 

day and zero otherwise. The residual, et, is an estim ate of the unexpected return  on day 

t.

5

\st\ =  70 + + 7 2 • P R E  +  7 3 ■ P O S T  + fit (6.13)
k=l

Similar to Hutson and Kearney (2001), the absolute value of the residuals estim ated from 

equation 6.12 form the dependent variables in equation 6.13. Vt is the log of trading 

volume on day t, and dummy variables are used to examine whether there is a change in 

the volume-volatility relation after the takeover announcem ent. Equations 6.12 and 6.13 

are estim ated using OLS as in Jones et al. (1994), Chan and Fong (2000) and Naes and 

Skjeltorp (2006). The estim ators will be consistent bu t not efficient however this does 

not pose problems for inference as explained by Jones et al. (1994). The W hite m ethod 

is used to correct for heteroscedasticity.

6.3 M odel specification and data

The novel model specification proposed in this chapter is given below:

5

Rt = ao + ^  ai^kRt-k  +  oc2-ANNOUt +  St (6.14)
k=l

ht =  poi ■ P R E  + P0 2  ■ P O S T +  P R E +  p 2 e t i - P O S T  (6.15)

+ p3h t- i  ■ P R E  + P ^ht-i  ■ P O S T  + P^Volt ■ P R E  + 0eV ok  ■ P O S T
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The dummy variable, ANNOU, is included to  capture any spike in the retu rn  series th a t 

may occur upon announcem ent of the takeover. The dummy variable, PR E, is set to 

unity before the takeover announcem ent and zero after and PO ST is set to zero before 

the announcem ent and to  unity after. The volume of the stock is defined as the share 

volume at tim e t divided by the to tal num ber of shares outstanding of stock j.

The dataset consists of US takeover targets for the period from 01\01\2000 to 

31\12\2008. The daily price and volume da ta  is downloaded from D atastream  and 

the information on the takeover is obtained from Thomson ONE Banker.
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F igure 6.1: Time line of the takeover bid

Various studies choose different lengths of tim e for the pre-bid period. Hutson and 

Kearney (2001) and Hmaied (2007), for the estim ation of the models define the pre

announcement period as beginning 250 days before the takeover announcem ent and 

ending at the close of business the day before the announcem ent. The post-announcem ent 

period begins at close of business on the day of the announcem ent, and runs until 

the formal conclusion of the bid. For the purpose of calculating sum m ary statistics, 

as in table 6.5 and table 6.5, the pre-announcem ent period is defined to exclude the 

contam inating effects of the “runup” period (of 20 days), during which there is an observed 

tendency for target stock prices to  rise prior to the public announcem ent of the bid. The 

post-announcem ent period excludes the day of the announcem ent to  eliminate the one-off 

hike in price volatility and trading volumes associated with the announcem ent itself^.

'These are the same time frames as used by Hutson and Kearney (2001) and Hutson (2007).
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F i g u r e  6.2: Average returns beginning 250 before announcement and ending 80 days
after announcement
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Aver.i<! Turnover (or b .» l in e  model Average Turnover fo r Slock Only Deals

MlaMln

(a) Baseline Model (b) Stock Only Deals

A v e r a g e  T u r n o v e r  f o r  M ix e d  B id s

0 I f t  
4.1.4

A v e r a g e  T u r n o v e r  fo r  C r o s s  I n d u s tr y
0.2S 

OJ \
0 1 2  1 

0 1 
0 OS
C CH 1 
0 0 4  1

O IS < 

0 1 1 

O.OS ;

(c) Mixed Bids (d) Cross Industry

A v e r a g e  T u r n o v e r  f o r  C r o s s  B o r d e r
O 9

0 2S 

O 2 

O 1&

(e) Cross Border

F i g u r e  6.3: Average turnover beginning 250 before announcement and ending 80 days 
after announcement
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Table 6.1 defines the database of takeovers from which the sample is selected^. This 

table is constructed using Thomson ONE Banker. All “requests” are defined in the 

appendix. It includes all mergers and acquisitions between 01/01/2000 and 31/12/2008. 

All targets were publicly listed US firms. The deals were either successfully completed 

or failed where the deal value was greater than  $50 miUion. The form of the  deal 

includes merger (stock or assets), acquisition (stock), acquisition of assets (assets) and 

acquisition of m ajority  interest (stock). Friendly, neutral and hostile deals were included. 

Consideration structure includes cash only, mixed bids and stock only. Finally, financial 

stocks were excluded. A to tal of 1454 takeovers meet these criteria. This forms the 

database from which the sample used in this analysis is selected.

Table 6.2 summarises the num ber of deals and percentage of deals in each category. 

The 1454 targets th a t the database comprises of are divided into several sub categories. 

From this, it can be seen th a t the m ajority  of takeovers are completed, friendly, domestic 

mergers, where the consideration structure  is cash only, the acquirer is a  publicly listed 

company from the same industry as the target and where there is only one bidder. A 

takeover which falls into all these categories will be classified as a “typical” takeover and 

forms part of the baseline group.

Table 6.3 displays the p-values for the results for the Chi Squared test for independence 

with H q-. the variables are independent for the takeovers included in the database defined 

in table 6.1. At the chosen level of significance (a=0.05), six of the ten tests reject the 

null hypothesis. A domestic or cross border takeover, or a takeover from the same 

industry or across industries is independent of the outcome of the deal and the a ttitude. 

Dependencies exist across all other tested  categories.

^Appendix A gives the explanation of the request terms used in Table 6.1 and in Table 6.2.
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T a b l e  6.1: Database of Targets

R e q u e s t O p e r a to r D e s c r ip tio n H its
D atabase Include All Mergers & Acquisitions
Announced Date Between 01/01/2000 to 12/31/2008
Tcirget Nation Include US 92482
Target Public S tatus Include Public 14463
Deal S tatus Rollup (Code) Include Completed

W ithdraw n 7552
Deal Value ($ Mil) Between 50 to  HI 3864
Form of the Deal Include Merger (Stock or Assets)

Acquisition (Stock)
Acquisition of Assets (Assets) 
Acquisition of M ajority Interest (Stock) 2937

Deal A ttitude Include Friendly
Neutral
Hostile 2744

Consideration Structure Include Cash Only
Ccish and Stock Com bination 
Stock Only 2437

Acquiror Macro Industry Exclude Financials 1467
Target Macro Industry Exclude Financials 1454

Notes: This table is constructed using Thomson ONE Banker. All “requests” and other term s 
are defined in the appendix.
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T a b l e  6.2: Sub-division of the 1454 selected takeover deals

C a te g o ry S u b -c a te g o ry N u m b e r  o f D ea ls  (%)

Announced Date 2000 305 (21)

2001 172 (12)

2002 112 (8)

2003 112 (8)

2004 125 (9)

2005 157 (11)

2006 171 (12)

2007 191 (13)

2008 109 (7)

Deal S tatus Completed 1324 (91)

W ithdrawn 130 (9)

Form Of Deal Merger 1408 (97)

Acquisition of Assets (Assets) 28 (2)

Acquisition of M ajority Interest (Stock) 18 (1)

Acquisition (Stock) 0 (0)

Attitude FYiendly 1421 (98)

Hostile 30 (2)

Neutral 3 « 1 )

Consideration Cash Only 812 (56)

Cash and Stock Combination 349 (24)

Stock Only 293 (20)

Acquiror Public status Public 1209 (83)

Sub 151 (10)

Private 81 (6)

JV 12 « 1 )

Govt 1 « 1 )

Industry Same 1116 (77)

Different 338 (23)

Number of Bidders 1 1332 (92)

2 101 (7)

3 19(1)

4 2 « 1 )

Acquiror Nation United States 1183 (81)

United Kingdom 51 (4)

Canada 44 (3)

Netherlands 26 (2)

Germany 19 (1)

France 19 (1)

Australia 12 « 1 )

Switzerland 9 (<1)

Sweden 9 « 1 )

Bermuda 9 « 1 )

Spain 7 (<1)

Italy 7 « 1 )

Continued on next page



Chapter 6. Volume, Volatility and Takeovers 213

T ab le  6.2 — c o n tin u e d  fro m  p re v io u s  p age

C a te g o ry S u b -ca teg o ry N u m b e r  o f D eals (% )

Israel 7 (<1)

Finland 7 (<1)

Russian Fed 6 (<1)

Japan 6 (<1)

India 5 (<1)

Hong Kong 4 (<1)

Singapore 3 (<1)

South Africa 2 (<1)

Norway 2 (<1)

Mexico 2 (<1)

Denmark 2 (<1)

Brazil 2 (<1)

Belgium 2 (<1)

Argentina 2 (<1)

Taiwan 1 (<1)

South Korea 1 (<1)

M auritius 1 (<1)

Ireland-Rep 1 (<1)

British Virgin 1 (<1)

Austria 1 (<1)

Notes: This table breaks the 1454 targets selected in table 6.1 into sub categories 

to further aid the sample selection.
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Table 6.3; Table of p-values for results of Chi squared tests of independence

Consideration
Outcome 0.003
A ttitude 0.03 < 0 .001
Industry < 0 .001 0.208 0.126
Domestic < 0 .001 0.052 0.539 < 0 .001

Consideration Outcome A ttitude Industry Domestic
Notes: This table reports the p-values for the results of the Chi-Squared
test of independence for critical value Xi  =  3.841.
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Due to the lack of independence of many of the variables and the need to estim ate a single 

model for each company, it is not possible to isolate the effects of each individual variable, 

so a system atic way of selecting the da ta  is used. For the first group of selected targets, 

the database of 1454 takeovers is further refined to only include completed, domestic, 

friendly mergers with cash only consideration where the acquirer is a public company, 

both  the target and the acquirer are from the same industry and where there is only one 

bidder. From the possible 254 deals which m eet these criteria, simple random  sampling 

is used to select the sample of 50 targets for which the model, given in equations 6.14 and 

6.15, will be fitted. These first group of selected targets are used to form the “baseline” 

model^. In a similar manner, 35 deals were chosen for each of the four additional groups. 

In the second group, the consideration structure  is classified as share exchange. All other 

characteristics are the same as for the basehne model. A to ta l of 161 takeovers in the 

database fall in this group from which a sample of 35 are random ly selected. In the th ird  

category the consideration structure is a hybrid of cash and shares. From the 218 deals 

ill the database th a t meet the required criteria, 35 are selected to form the sample. The 

cross-border sample of 35 is selected from the 101 possible deals defined in Table 6.4. 

The last category consists of takeovers where the acquirer and target are from different 

industries, 35 selected takeovers from a possible 91. The sample composes of a to ta l of 

190 target stocks'^.

Factors other than  the eight considered here (deal status, form of the deal, a ttitude , 

consideration, acquirer public status, acquirer nation, industry and num ber of bidders) 

may affect the volume and volatility of a target. Simple random  sampling is used to 

overcome this and aid in the selection of a representative sample.

target must be listed for at least 1000 days before announcement.
'^Results for the Augmented Dickey-Fuller test for the presence of a unit root are found in the 

Appendix for the 190 target stocks
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Table 6.4: Population of target stocks from which the sample is selected

1 Com pleted Merger friendly Cash
Only

Public
Acquiror

Domestic
Takeover

Same In
dustry

One
Bidder

254

2 Com pleted Merger friendly Stock
Only

Public
Acquiror

Domestic
Takeover

Same In
dustry

One
Bidder

161

3 Com pleted Merger friendly Hybrid Public
Acquiror

Domestic
Takeover

Same In
dustry

One
Bidder

218

4 Com pleted Merger friendly Cash
Only

Public
Acquiror

Cross Bor
der

Same In
dustry

One
Bidder

101

5 Com pleted Merger friendly Cash
Only

Public
Acquiror

Domestic
Takeover

Different
Industry

One
Bidder

91

6 Com pleted Merger friendly Cash
Only

Private
Acquiror

Domestic
Takeover

Same In
dustry

One
Bidder

41

7 Com pleted Merger friendly Cash
Only

Public
Acquiror

Domestic
Takeover

Same In
dustry

Multiple
Bid
ders

16

8 W ithdraw n Merger friendly Cash
Only

Public
Acquiror

Domestic
Takeover

Same In
dustry

One
Bidder

9

9 Com pleted Merger Hostile Cash
Only

Public
Acquiror

Domestic
Takeover

Same In
dustry

One
Bidder

3

Notes: This tab  e presents the number 
criteria. From the 254 deals in row 1, 50 
rows 2,3,4 and 5, 35 deals were selected 
sample of 190 deals.

of deals meeting each of the com binations of selected 
deals were selected by simple random  sampling. Prom 
also by simple random  sampling. This gives the total



T a b l e  6 .5 : S um m ary  S ta tis tic s  for Tcirget R e tu rn s

Sample Size Mean Standard  De
viation

Skewness Kurtosis Percent De
cline

Average
Post-bid
Period
(days)

Pre-bid Period
Baseline Model 100 0.0000 0.034 -0.075 10.00
Share Exchange 50 0.0006 0.051 -0.138 7.26
Hybrid 50 0.0002 0.038 -0.090 6.95
Cross Border 50 0.0003 0.027 0.193 8.48
Cross Industry 50 0.0005 0.028 -0.340 12.04

Post-bid Period

Baseline Model 100 0.0004 0.006 0.494 8.03 82.74 61.39
Share Exchange 50 -0.0012 0.040 0.063 2.70 20.82 81.22
Hybrid 50 -0.0002 0.026 0.179 5.39 33.00 109.30
Cross Border 50 0.0018 0.007 0.019 9.41 73.59 70.70
Cross Industry 50 0.0005 0.004 0.612 5.49 86.16 48.18

Notes: The pre-bid period runs from 250 to 20 days prior to the takeover announcement. The post-bid period sta rts  1 day after 
the takeover announcem ent and runs until the conclusion of the bid. These figures are cross-sectional averages of the statistics 
calculated for each target company.
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T a b l e  6.6: Summary Statistics for Target Volumes

Sample Size Mean Standard De
viation

Skewness Kurtosis Percent In 
crease

Average
Post-bid
Period
(days)

Pre-bid Period
Baseline Model 100 0.008 0.008 4.72 37.73
Share Exchange 50 0.009 0.009 4.57 34.37
Hybrid 50 0.010 0.011 4.21 30.65
Cross Border 50 0.009 0.007 4.11 30.79
Cross Industry 50 0.007 0.008 4.70 38.04

Post-bid Period

Baseline Model 100 0.014 0.016 3.25 15.60 81.16 61.39
Share Exchange 50 0.012 0.013 3.44 17.57 33.70 81.22
Hybrid 50 0.013 0.013 3.42 18.74 29.32 109.30
Cross Border 50 0.016 0.017 2.91 12.74 84.64 70.98
Cross Industry 50 0.015 0.017 3.04 11.95 100.99 48.18

Notes: The pre-bid period runs from 250 to 20 days prior to the takeover aunouncement. The post-bid period starts 1 day after 
the takeover announcement and runs until the conclusion of the bid. These figures are cross-sectional averages of the statistics 
calculated for each target company.
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6.3.1 Sample size and m axim um  likelihood estim ation

Ng and Lam (2004) recommend using 1000 sample points for model estim ation for 

the conventional GARCH model. They conclude for a sample size of less than  700 

observations, two or more optim al solutions may be found by maximum likelihood and 

most initial values direct to the wrong optim al solution. Exam ination of the param eter’s 

conditions should be taken to aid in the identification of the correct optim al solution. 

In this analysis, pre-announcement period is defined as beginning 1000 days before 

the takeover announcement and ending at the close of business the day before the 

announcement. To further aid convergence of the GARCH models and the selection 

of the model for which the global maximum has been found, initially a separate model 

is run for the pre and post announcement periods for each target company using the 

Genetic algorithm  and compared to equation 6.15, the model used to make inferences.
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6.4 Hypotheses to be tested

H q : No relationship exists between volume-volatility pre-announcem ent

H \  : A positive relationship exists between volume-volatility pre-announcem ent

H q : No relationship exists between volume-volatility post-announcem ent

H \  : A positive relationship exists between volume-volatility post-announcem ent

H q : Volume has no affect on persistence pre-announcem ent 

: Volume has an affect on persistence pre-announcem ent

H q : Volume has no affect on persistence post-announcem ent 

: Volume has an affect on persistence post-announcem ent

H q : The persistence in volatility is the same before announcement as after announcem ent 

when no exogenous variable is used

H \  : The persistence in volatility is the not same before announcem ent as after 

announcem ent when no exogenous variable is used

H q : The persistence in volatility is the same before announcem ent as after announcement 

in the presence of volume as an exogenous variable

: The persistence in volatility is the not same before announcem ent as after 

announcem ent in the presence of volume as an exogenous variable
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6.5 Results

The model described in equations 6.14 and 6.15 was estim ated for each of the 190 
target stocks in the sample^. Table 6.7 present a sum m ary of the coefficients of the 

estim ated model with /? 5  =  0 and = 0, i.e. no volume as an exogenous variable in the 
volatility equation. The pre-announcem ent persistence is estim ated by /?i -|- /? 3  and the 

post announcem ent persistence is estim ated by /? 2  +  /34-

In the pre-announcem ent baseline model 92% of the ARCH term s are positive and 
significant a t the 5% level (mean =  0.144, median =  0.094) and 88% of the models show 

positive significant GARCH effects a t the 5% level (mean =  0.634, median =  0.791). 
The baseline model displays a high level of pre-announcem ent persistence, estim ated by 

A  +/33) w ith a mean of 0.763 and a median of 0.920. For the post-announcem ent baseline 
model, only 34% of the ARCH term s are positive and significant a t the 5% level (mean =  
0.224, m edian =  0.088). Positive and significant GARCH effects are now present in only 
20% of models (mean =  0.096, median =  0.000). The post announcem ent persistence, 

estim ated by /32 +  04, has an estim ated mean of 0.321 and median of 0.201, lower than  
th a t of the estim ated pre-announcem ent level. The post-announcem ent model shows 
th a t the shorter run component of the volatility model, contained in the ARCH term , 
plays a bigger role in the estim ated volatility when compared to the pre-announcem ent 
model where the longer run GARCH term s dominate.

The pre-announcem ent share-exchange model, leads to similar findings as the pre
announcem ent baseline model. A total of 94% of the ARCH term s are positive and 
significant a t the 5% level (mean = 0.162, median =  0.129), 89% of the GARCH 
coefficients are significant (mean =  0.662, median =  0.730) and a high level of persistence 

is estim ated (mean =  0.824, median =  0.920). In contrast to the post-announcem ent 
baseline model, the post-announcem ent share-exchange model shows th a t longer run 

GARCH term s (mean =  0.440, median =  0.484) play a greater role than  the short term  
ARCH coefficients (mean =  0.185, median =  0.130). The post-announcem ent estim ated 

persistence for the share exchange model is greater than  for the baseline model (mean =  

0.626, median =  0.637).

Like the pre-announcem ent share-exchange model, the pre-announcem ent hybrid model 

also leads to similar findings as the pre-announcem ent baseline model. A to ta l of 94% of 
the ARCH term s are positive and significant at the 5% level (mean =  0.162, median =  

0.142), 80% of the GARCH coefficients are significant (mean =  0.555, median =  0.608) 
and a high level of persistence is estim ated (mean =  0.695, median =  0.801). The post

announcement hybrid model, like the post-announcem ent share-exchange model, shows 

th a t longer run GARCH term s (mean =  0.237, median =  0.032) play a greater role

^Results of equation 6.15 for each of the 190 target companies are given in the appendix.
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than  the short term  ARCH coefficients (mean =  0.194, median =  0.108). The post

announcem ent estim ated persistence for the hybrid model, (mean =  0.431, m edian =  
0.302), is greater than  for the baseline model bu t less than for the share-exchange model.

The findings for the pre-announcem ent cross industry model, are similar to  the baseline 

model. 97% of the ARCH term s and 74% of the GARCH term s are positive and 

significant a t the 5% level. The estim ated mean persistence is 0.766. The post
announcem ent ARCH term s (mean =  0.286, median =  0.183) play a larger role than  
the GARCH term s (mean =0.125, median =  0.000) resulting in an estim ated m ean 
persistence of 0.411 and median of 0.372.

Finally, the cross-border model is examined and the pre-announcem ent results are in 

line with all the other models. 89% of the ARCH term s and 66% of the GARCH term s 
are positive and significant a t the 5% level. The estim ated mean persistence is 0.669. 
The post-announcem ent model is most consistent with the baseline and cross industry  
models where the ARCH term s (mean =  0.235, median =  0.113) play a larger role than  
the GARCH term s (mean =  0.130, median =  0.000) resulting in an estim ated mean 
persistence of 0.365 and median of 0.259.

To summarise, the pre-announcem ent models result in similar findings. The post
announcem ent models where the consideration structure is cash only (basehne, cross- 
border and cross industry models) show th a t the more recent information, contained 
in the ARCH term , plays a larger role than  the longer run GARCH terms. The post
announcem ent share-exchange model is most in line with the pre-announcem ent models 
where GARCH term s play a  larger role than  ARCH term s and the estim ated post

announcem ent persistence is the greatest for any of the category of models considered. 
The hybrid model, as expected, falls between the cash only model and the share exchange 
model. The share-exchange model is least affected by the announcem ent of a takeover 

and its post-announcem ent conditional volatility is closest in behaviour to its pre
announcem ent volatility. The cash deal (the baseline, cross industry and cross border 

models) show the greatest change in pre and post announcement conditional volatility.
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Table 6.7: Summary of coefficients without exogenous variable

M o d e l C oeffic ien t M e a n M e d ia n % (+ ) sig.

Basehne Pre I3i 0.144 0.094 92

Ps 0.634 0.791 88

Pi +  Ps 0.763 0.920

post P2 0.224 0.088 34

P a 0.096 0.000 20

P2 + P a 0.321 0.201

Share exchange Pre P i 0.162 0.129 94

Ps 0.662 0.730 89

Pi + P3 0.824 0.920

post P2 0.185 0.130 34

P a 0.440 0.484 57

P2 + P a 0.626 0.637

Hybrid Pre Pi 0.162 0.142 94

Ps 0.555 0.608 80

Pi + P3 0.695 0.801

post P2 0.194 0.108 20

P a 0.237 0.032 31

P2 + P a 0.431 0.302

Cross industry Pre P i 0.188 0.108 97

P 3 0.578 0.721 74

Pi + Pz 0.766 0.889

post P2 0.286 0.183 34

P a 0.125 0.000 20

P2 + P a 0.411 0.372

Cross border Pre P i 0.142 0.103 89

Ps 0.527 0.561 66

Pi + P3 0.669 0.782

post P2 0.235 0.113 37

P a 0.130 0.000 29

P2 + P a 0.365 0.259

when /?5 and de are set to zero. The average value in the table is the cross-sectional average of the 
ARCH and GARCH coefficients and the estimated persistence in equation 6.15. %  (+) sig. reports 
the percentage of the sample where the coefficients are significant and positive.
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Table 6.8 presents a sum m ary of the coefficients of the estim ated model containing volume 
as an exogenous variable. A similar pa tte rn  in the ARCH and GARCH term s is observed 

for all pre-announcem ent models when volume is included as an exogenous variable in the 
volatility equation. The reduction in the number of significant GARCH term s is greater 

than  the reduction in the num ber of significant ARCH terms. For the pre-announcem ent 

baseline model, 96% of the of volume coefficients are positive and significant a t the 5% 
level and the inclusion of volume reduces the num ber of significant ARCH term s by 20% 
(from 92% to 74%) and the num ber of significant GARCH term s by 75% (from 88% to 

22%). In the pre-announcem ent share exchange model, 97% of the of volume coefficients 
are positive and significant a t the 5% level and the inclusion of volume as an exogenous 
variable reduces the num ber of significant ARCH term s by 9% (from 94% to  86%) and the 
num ber of significant GARCH term s by 75% (from 88% to 22%). For the hybrid model, 
97% of the volume coefficients are positive and significant resulting in a reduction in the 
num ber of significant ARCH term s of 30% (from 20% to 14%) and a reduction of 83% for 
the GARCH term s (from 80% to 14%). W hen volume is included in the cross industry 
model, it is positive and significant in 97% of cases. The number of significant ARCH 
term s is reduced by 18% (from 97% to 80%) and the number of significant GARCH term s 
is reduced by 81% (from 74% to 14%). In the cross-border models, 94% of the volume 
coefficients are significant reducing the num ber of significant ARCH term s by 17% (from 
89% to 74%) and reducing the num ber of significant GARCH term s by 74% (from 66% 
to 17%).

The impact of volume on the ARCH and GARCH term s in the post-announcem ent 
models is somewhat more mixed than  in the pre-announcem ent cases. For each category 

of model considered, the num ber of positive and significant volume term s is lower when 
compared to the relative pre-announcem ent case. For all, except the cross industry cases, 
the num ber of significant ARCH term s is reduced. In the case of the cross industry  the 
num ber of significant ARCH term s is unchanged. For the share exchange, hybrid and 

cross-border the inclusion of volume as an exogenous variable reduces the num ber of 
significant GARCH term s in the model when compared to the relative pre-announcem ent 

models. In the baseline model, there is no observed reduction in the num ber of significant 

GARCH terms. The cross industry models show an increase in the num ber of significant 

GARCH term s. Table 6.9 examines the volume-volatihty relationship pre and post 

announcement. Table 6.10 examines the im pact of volume on the estim ated persistence.
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Table 6.8: Summary of coefficients with exogenous variable

M odel Coefficient M ean M edian % (+) sig.
Baseline Pre /?i 0.132 0.106 74

h 0.098 0.000 22

Pb 0.148 0.075 96

Pi +  /?3 0.237 0.127

post P2 0.148 0.031 24
0.062 0.000 20

Pe 0.009 0.000 56

P2 + Pa 0.210 0.075
Share exchange Pre P i 0.154 0.140 86

P 3 0.059 0.000 9

Pb 0.195 0.146 97

Pi + 0 3 0.192 0.146

post P2 0.131 0.028 20

Pi 0.114 0.000 14

Pe 0.113 0.032 74

P2 + Pi 0.246 0.060
Hybrid Pre Pi 0.128 0.115 66

P3 0.049 0.000 14

Pb 0.124 0.084 97

Pi + Ps 0.177 0.115

post P2 0.083 0.027 14

P4 0.018 0.000 9

Pe 0.031 0.012 63

P2 +  Pi 0.098 0.030
Cross industry Pre Pi 0.114 0.092 80

Ps 0.080 0.000 14

Pb 0.123 0.063 97

Pi +  P3 0.194 0.093

post P2 0.153 0.022 34

Pa 0.040 0.000 26

Pe 0.009 0.000 63

p 2 +  Pa 0.194 0.093
Cross border Pre P i 0.114 0.092 71

Continued on next page
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T able 6.8 -  con tin u ed  from  prev iou s page

M od el C oefficient M ean M edian P ercen t ( + )  sign if.

Ps 0.080 0.000 17

05 0.123 0.063 94

Pi +  03 0.194 0.093

post 02 0.155 0.062 34

04 0.050 0.006 17

06 0.002 0.001 54

02 +  04 0.206 0.101

Notes: This table presents the summary of the estim ated coefficients from equation 6.14 and 6.15 

when /?5 and /3e are not set to  zero. The average value in the table is the cross-sectional average 

of the ARCH and GARCH coefRcients and the estim ated persistence in equation 6.15. % (+ )  sig. 
reports the percentage of the sam ple where the coefficients are significant and positive.
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6.5.1 Pre-announcem ent and post-announcem ent volum e-volatility re
lationship

Section 2.17.1 reviewed the theoretical explanation, as proposed by Hutson and 

Kearney (2001), for the presence of a positive volume-volatility relation pre and post 
announcem ent and provided a new setting for the MDH. In this section, the results 

of the tests for the existence of a positive volume-volatility relationship pre and post 

announcem ent are presented as tested in equation 6.15. The first hypothesis test concerns 
the existence of a positive volume-volatility relationship pre-announcem ent. If this 
relationship exists the coefficient of /9s should be positive and significant. The second 

hypothesis test concerns the existence of a positive volume-volatility relationship post
announcem ent. If this relationship exists the coefficient of /?6 should be positive and 
significant. The results of these hypotheses tests are given in table 6.9. The results 
suggest a positive relation between the conditional volatility and volume for both  the 

pre-bid and post-bid-periods and support the applicability of the MDH for takeovers 
supporting both the findings of Hutson and Kearney (2001) and Hmaied (2007).

For the total sample, a reduction in both the average value of the volume coefficient and 
the num ber of cases in which volume is found to be significant is observed. In the pre-bid 
period, the average value of the volume coefficient is 0.139 and is significant a t the 
5% level in 96% of cases. The average value of the post-bid volume coefficient {Pq) is 
0.031 and is significant in 62% of cases. The pre-announcem ent and post announcement 
volume coefficients are found to be significantly different using the Wilcoxon signed-rank 
test.

For targets of cash only offers i.e. the baseline model, the average of Pe is 0.009 and is 
56% smaller than  the corresponding P^ (0.148). The percentage of significant positive 

coefficients declines from 96% to 56%. This shows a decline in the affect of volume on the 
conditional volatility of targets in cash only offers, which is confirmed by the significant 
value of the Wilcoxon signed rank test. In cash offers, trading volume explains less price 

changes during the post announcem ent period than  during the pre announcem ent period.

For share exchange offers, the results also show a change in the volume-volatility 

relation before and after the announcem ent of a takeover. 97% of cases show a positive 

volume-volatility relationship before announcem ent {P^ = 0.195) dechning to  74% after 

announcement {Pe =  0.113). For Hybrid offers, consistent with the cash only and share 

exchange offers, the results also show a change in the volume-volatihty relation before 
and after the announcement of a takeover. 97% of cases show a positive volume-volatility 

relationship before announcem ent (/3s =  0.124) declining to  63% after announcem ent {Pq 

= 0.031) The percentage decline in the average value of the volume coefficient, from 
pre announcement to post announcem ent, is greatest for cash offers and least for share 

exchange models with the hybrid bids falling between the two.
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The results for the cross industry and cross-border takeovers are similar to the cash 

only takeovers, both show a change in the volume-volatility relation before and after 
the announcem ent of a takeover. For cross industry offers, 94% of cases show a positive 
volume-volatility relationship before announcement { ^ 5  = 0.123) declining to  54% after 

announcem ent (/3e =  0.002). For cross-border offers, 97% of cases show a positive 
volume-volatility relationship before announcement { ^ 5  — 0.103) declining to 63% after 

announcem ent {Pe = 0.009).

For all categories of takeovers, a positive and significant volume-volatility relationship 

is found pre-announcem ent. The positive post-announcem ent volume-volatility relation
ship is also found. The post-announcem ent volume-volatihty relationship differs signifi
cantly from the pre-announcem ent relationship. The post-announcem ent relationship is 
weaker th an  the pre-announcem ent relationship in all cases. The share-exchange post
announcem ent volume-volatility relation is most similar to its pre-announcem ent volume- 
volatility relation for all categories of model considered. The share-exchange model is 
least affected by the announcem ent of a takeover, followed by the hybrid deals and lastly 
the three categories of cash deals.
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Table 6.9: Pre-announcement and post-announcement volume coefficients

Pre-bid 
Average %(-!-) 
/?5 sig.

Post-bid 
Average % (-I-) 
06 sig.

% vari
ation

W ilcox. p-value

Total 0.139 96 0.031 62 78 16392 (<0.001)
Baseline 0.148 96 0.009 56 94 1218 <0.001)
Share exchange 0.195 97 0.113 74 42 425 (0.003)
Hybrid 0.124 97 0.031 63 75 563 <0.001)
Cross border 0.123 94 0.002 54 98 627 <0.001)
Cross industry 0.103 97 0.009 63 92 630 <0.001)

Notes: The pre-bid period runs from 1000 days before announcement of a takeover to 1 day before. The 
post bid period runs from the announcement day until the conclusion of the bid. The average value in 
the table is the cross-sectional average of the volume coefficients (/3s and Pe) in equation 6.15. % {+) sig. 
reports the percentage of the sample where the volume coefficients are significantly positive. Percent 
variation is the difference between pre and post bid volume coefficients. The Wilcox, column reports 
the Wilcoxon value w'hich tests if the samples of the coefficients 05 and /3e are different. The p-value 
reports the Wilcoxon p-value.
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6.5.2 Pre-announcem ent and post-announcem ent persistence

Table 6.10 presents the results of the affect of volume as an exogenous variable on the 
estim ated persistence in the volatility of returns before and after the announcement 

as specified in equation 6.15. Hypothesis 3 examines if the inclusion of volume as an 
exogenous variable in the volatility of returns equation reduces the estim ated persistence 

before announcement. Hypothesis 4 examines if the inclusion of volume as an exogenous 
variable in the volatihty of returns equation reduces the estim ated persistence after 
announcement. Hypothesis 5 tests if the estim ated level of persistence of the volatility of 

returns is the same before and after announcem ent when no exogenous variable is present 
in equation 6.15. Hypothesis 6  tests if the estim ated level of persistence of the volatility 
of returns is the same before and after announcem ent, in the presence of volume as an 
exogenous variable.

Table 6.10(a) presents the results of the tests to examine if the average pre-announcem ent 
persistence (/?i +  P3 ) declines when volume is inserted as an exogenous variable (/3s) in 
equation 6.15. For the to ta l sample, there is a decline of 72% (from 0.745 to 0.206). 
The pre-announcem ent persistence is significantly different when it is included in the 
volatility equation (p-value < 0.001). The findings are qualitatively the same across 
all the categories. Volume consistently and significantly reduces the pre-announcem ent 
persistence when volume is included in the volatility equation. The percentage reduction 
in persistence is greatest for the share exchange model, followed by the hybrid and least 
for the cash deals (the baseline, cross border and cross industry).

Table 6.10(b) presents the results of the tests to examine if the average post
announcem ent persistence ( /? 2  + P4 ) declines when volume is inserted as an exogenous
variable {/3e) in equation 6.15. For the to ta l sample, there is a decline of 54% (from 0.422 

to 0.193) in the average estim ated persistence. The post-announcem ent persistence is 
significantly different when volume is included in the volatility equation 6.15 for all 

categories of takeover. The percentage reduction in persistence is greatest for the hybrid 

model, followed by the share exchange and least for the cash deals (the baseline, cross 

border and cross industry ). The inclusion of volume as an exogenous variable significantly 

reduces the persistence before and after the announcem ent of a takeover.

Table 6.10(c) presents the results of the tests to examine if the estim ated pre

announcem ent ( ^ 1  -I- ^ 3 ) and post persistence ( /? 2  +  Pi) differ in the absence of the
exogenous variables ( /? 5  and /3e). For the to ta l sample, the average pre-announcem ent 
persistence is 0.745 and the average post-announcem ent persistence is 0.422, a reduction 

of 43%. The post-announcem ent persistence is consistently and significantly lower 

than  the pre-announcem ent persistence when no exogenous variables are inserted in the 

volatility equation (p-value <  0.001). The percentage reduction in persistence is least 

for the share exchange model, followed by the hybrid and greatest for the cash deals (the 
baseline, cross border and cross industry).
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Table 6.10(d) presents the results of the tests to examine if the estim ated pre 

announcem ent {P\ +  /^a) and post-announcem ent persistence ( ^ 2  +  Pa) differ in the 
presence of the exogenous variables (/?5 and /^e)- In the presence of volume (with 
the exception of the hybrid model) the post announcement persistence does not differ 

significantly pre-announcem ent and post-announcem ent. For the to tal sample, the 
average pre-announcem ent persistence is 0.206 and the average post-announcem ent 

persistence is 0.193, a difference of ju st 6%. For share exchange and cross-border models, 
the average estim ated persistence increases post-announcem ent. However, this difference 

is not significant. The hybrid model is the only case for which the pre-announcem ent 
and post-announcem ent persistence differs significantly in the presence of the exogenous 
variable. The average estim ated post-announcem ent persistence dechnes by 43% from 
the pre-announcem ent persistence (from 0.177 to 0.101).
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T a b l e  6 .1 0 T h e effect of a  takeover announcem en t on persis tence 

(a) Pre-announcement persistence

Pi +  P3 01+ 03  w ith % d e c lin e W ilco x . p -v a lu e
05

Total 0.745 0.206 72 17711 (<0.001)
Baseline 0.763 0.230 70 1229 (<0.001)
Share exchange 0.824 0.192 77 628 (<0.001)
Hybrid 0.695 0.177 74 598 (<0.001)
Cross border 0.669 0.194 71 615 (<0.001)
Cross industry 0.766 0.225 71 627 (<0.001)

(b) Post-announcement persistence

P2 +  04 02 + 04 w ith % d ec lin e W ilco x . p -v a lu e
06

Total 0.422 0.193 54 14617.5 (<0.001)
Baseline 0.321 0.210 34 1009 (<0.001)
Share exchange 0.626 0.246 61 554 (<0.001)
Hybrid 0.431 0.101 76 552.5 (<0.001)
Cross border 0.365 0.206 44 421 0.012
Cross industry 0.411 0.218 47 498 (<0.001)

(c) Pre and post-announcement persistence

01 -h 03 02 +  04 % d ec lin e W ilco x . p -v a lu e
Total 0.745 0.422 43 15058 (<0.001)
Baseline 0.763 0.321 58 1128 (<0.001)
Share exchange 0.824 0.626 24 506 0.002
Hybrid 0.695 0.431 38 496 0.003
Cross border 0.669 0.365 45 494 0.003
Cross industry 0.766 0.411 46 537 (<0.001)

(d) Pre and post-announcement persistence with exogenous variable

01+ 03  w ith  02 + 0 i  w ith % d ec lin e W ilco x . p -v a lu e
05 06

Total 0.206 0.193 6 10455 0.069
Baseline 0.230 0.210 9 701 0.543
Share exchange 0.192 0.246 -28 325 0.876
Hybrid 0.177 0.101 43 451 0.026
Cross border 0.194 0.206 -6 320 0.941
Cross industry 0.225 0.193 14 377 0.314

Notes: The pre-bid period runs from 1000 days before announcem ent of a  takeover to  1 day before. 
The post bid period runs from the announcem ent day until the conclusion of the bid. Table 
6.10(a) presents the sum m ary of the results estim ated pre-announcement persistence. Table 6.10(b) 
presents the summ ary of the results estim ated post-announcem ent persistence from equations 
6.14 and 6.15. Table 6.10(c) presents the sum m ary of the results for the difference in the pre
announcem ent and post announcem ent persistence when no exogenous variable is included in the 
model. Table 6.10(d) presents the summ ary of the results for the difference in the pre-announcement 
and post announcem ent persistence in the presence of volume as an exogenous variable is included 
in the model.
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6.5.3 Persistence and GARCH  effects post-announcem ent

Table 6.7 clearly shows th a t GARCH effects are present in the volatility of returns pre- 
announcem ent. However, in the post-announcem ent models (with the exception of the 
share exchange model) the m ajority  of models do not show significant GARCH effects. 

Yet, as shown in table 6.8, the post-announcem ent coefficient of volume is significant 

in an average of 62% of cases. To determine if volume explains GARCH effects post 
announcem ent the individual coefficients for each model are examined®.

A total of 20% of post-announcem ent models th a t display GARCH effects when Pe is set 
equal to zero. W hen volume is included as an exogenous variable, 20% of the baseline 
models still exhibit GARCH effects. The observed reduction in persistence is mainly due 
the the decrease in the num ber of significant ARCH effects (from 34% to 24%). The 

post-announceraent share exchange models, display the largest percentage of significant 
GARCH effects with 57% of these coefficients being positive and significant. W hen Pe is 
not constrained to be zero, only 14% of models now show significant GARCH effects. The 
number of significant ARCH effects is also reduced (from 34% to 20%). The num ber of 
significant GARCH effects is reduced from 31% to 9% for the post-announcem ent hybrid 
model when Pe is not constrained to be zero. The num ber of significant ARCH effects is 
also reduced (from 20% to 14%). The num ber of significant GARCH effects increases for 
the cross-industry models when volume is inserted as an exogenous variable in equation 
6.15 (from 20% to 26%) and no difference is observed in the number of significant post- 
announcem ent ARCH terms. For cross border models the number of significant GARCH 
effects reduces from 29% to 26% and the number of significant ARCH effects reduces 
from 37% to 34%.

These results are not entirely consistent with those of chapter 4 and the pre-announcem ent 

volatility models, where the GARCH effects are almost entirely positive and significant 
and the inclusion of volume as an exogenous variable results in insignificant GARCH 

effects and volume coefficients th a t are positive and significant. GARCH effects 

are generally not present post-announcem ent and the post-announcem ent conditional 
volatihty does not display serial correlation. Volume continues to rem ain positively 

related to  the conditional volatihty. A possible explanation for the lack of serial 

correlation in the post-announcem ent conditional volatility is th a t the information arrival 

process is no longer serially correlated. Andersen (1996)’s explanation for the presence 

of serial correlation in the conditional volatility, or GARCH effects, appears not to hold 

post announcem ent of a takeover resulting the estim ated low level of persistence. As 

explained in 2.5, Andersen suggested th a t when unanticipated news breaks on a given 

day, more detailed disclosures tend to follow over the next few days or weeks, keeping 
the story in the headlines for an extended period of tim e and causing the information 

flow to be serially correlated. This results in both  volume and volatility being serially

®These results from equation 6.15 for each of the 190 target companies are given in the appendix.
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correlated as they are both subordinate to the latent information arrival process. After 
the announcem ent of a takeover the conditional volatility is not serially correlated. 

However, volume and volatility rem ain contemporaneously correlated. If the MDH is 
applicable after the announcement of a takeover, then volume and volatility may still be 

subordinate to the same latent information arrival process but this process, the speed of 
evolution of information to the m arket, is not serially correlated.

6.6 Sum m ary and conclusions

The applicability of the MDH pre and post announcem ent of a takeover, as first suggested 
by Hutson and Kearney (2001), is examined using a GARCH framework for daily price 
and volume data. The sample is comprised of a to ta l of 190 US takeover targets for the 

period of January  2000 to December 2008.

The share-exchange model is least affected by the announcement of a takeover. Its 
post-announcem ent conditional volatility behaviour is most consistent with its pre
announcem ent conditional volatihty behaviour, consistent with Hutson and Kearney 
(2001); Hmaied (2007) and Hutson (2007). This is due to the post-announcem ent share 
price still varying with the b idder’s share price after the announcement of a takeover, 
where as cash bids converge towards the bid price. The post-announcem ent conditional 
volatility for share exchange deals retains more of the elements observed in the pre
announcem ent conditional volatility.

The pre-announcem ent GARCH models have lower GARCH coefficients and higher 
ARCH coefficients than  the sample examined in chapter 4 implying a greater influence 
of more recent short run components of the volatility model and a lower influence of the 
longer run components of the GARCH model for targets of a takeover. This may be 

due to the relative size of the the targets to the top 20 Fortune 500 companies. The 
volatility of smaller companies tends to be more sensitive to information than  larger 
companies leading to higher ARCH coefficients and lower GARCH coefficients. The 

post-announcem ent GARCH models have lower GARCH coefficients and higher ARCH 

coefficients than  the pre-announcem ent models. More weight is given to the ARCH 

coefficient and less weight for the long-run variance resulting in less “decay” towards the 

long-run variance, or to pu t it another way, the greater the persistence to  recent variance.

The presence of a positive volume-volatility relationship is found bo th  pre and post 

announcem ent of a takeover confirming the results of Hutson and Kearney (2001) and 

Hmaied (2007). The estim ated persistence before the announcement of a takeover is 

reduced when volume is included as an exogenous variable in the volatility of returns 
equation. Similarly, the inclusion of volume as an exogenous variable in the volatility 

of returns equation reduces the estim ated persistence after the announcem ent of a 
takeover. The estim ated persistence post announcement is significantly lower than  the
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pre announcement persistence largely due to the absence of significant GARCH effects 

after the announcement of a takeover. A possible explanation for these findings is 
th a t contemporaneous volume and conditional volatility are both  subordinate to the 

same latent information arrival process bu t this process is no longer serially correlated. 
The speed of evolution of information to  the m arket is no longer serially correlated 

after the announcement of a takeover. Lamoureux and Lastrapes (1990a) suggest th a t 
GARCH effects reflect the uneven but persistent flow of information into the m arket. The 

lack of GARCH effects post announcem ent of a takeover suggests th a t the information 
flow may be uneven but not highly persistent. The post-announcem ent period is on 

average less than  75 days. An unanticipated event such as the announcement of a 
takeover causes the behaviour of the conditional volatility process to change significantly. 
This may be evidence th a t the announcem ent of a takeover causes the behaviour of 
the latent information arrival process to change significantly. The company may be 
delisted before its conditional volatility could return  to behaving in a m anner consistent 
with the pre-announcement conditional volatility. Hutson and Kearney (2001), Hmaied 
(2007) and Hutson (2007) all find th a t the post-announcem ent conditional volatility 
is significantly lower than  the pre-announcem ent conditional volatility indicating th a t 
target shareholders experience significantly lower risk after the announcement due to a 
reduction in the dispersion of trad e r’s beliefs regarding the ta rg e t’s stock value. However, 
as found in this analysis, this level of risk becomes less predictable. The GARCH(1,1)-X 
is found to be a suitable model for pre-announcem ent conditional volatility, consistent 
with the findings in chapter 4 and chapter 5. However, target stocks are subject to 
a substantial revaluation accompanied by a reduction in the price volatility after the 
announcement of a takeover and the GARCH(1,1)-X may not be the most suitable model 
for the post announcement conditional volatihty. Further research focusing on the post 
announcement conditional volatility would be necessary to propose a more suitable model 

in the event of a takeover for volatility.



Chapter

Conclusions, Limitations and Future 

Work

7.1 Introduction

The relation between the level of trading volumes and the volatility of returns of shares 
traded has been of interest to theoretical and empirical researchers in finance for over 
half a century and is the fundamental focus of this thesis. The estimated persistence 
in volatility is a measure of the degree of dependence of the conditional volatility on its 
own past. A stylised fact of the conditional volatility is its tendency to cluster but the 
reason for this clustering behaviour is not yet fully understood. Volatility clustering can 
be interpreted as news clustering and many factors influence the arrival process of news 
and its impact on prices. This thesis provides further understanding into the process 
by which information is assimilated into the market and the reasons for the clustering 
behaviour and the high level of persistence observed in the conditional volatility.

In the theoretical explanation provided by the MDH for the existence of the volume- 
volatility relationship, both variables are driven by a common unobservable variable, the 
arrival of information to the market. This hypothesis is tested throughout this thesis 
under various conditions using alternative versions of GARCH models. The introduction 
of the ARCH model in 1982 was a defining moment in the procedure for testing the 
applicability of the MDH to equities. The success of GARCH models stems from their 
parsimonious representations of the conditional variance in a manner tha t is consistent 
with the stylised facts of market returns such as persistence in variance and volatility 
clustering. The parsimonious nature of these models and their flexibility makes them 
ideal candidates for this research. The GARCH model allows for the MDH to be tested by 
inserting volume as an exogenous variable in the volatility of the returns equation. The 
relationship between the two variables, volume and volatility, can then be investigated

7
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by examining the volume coefficients. The GARCH model also allows for the persistence 
of volatility to be estimated. That is, how long does a shock to the volatility take to 
die out? If volume can account for the persistence in volatility, the coefficient of the 
volume parameter will be positive and significant and the GARCH parameters will be 
negligible. Despite the empirical success of GARCH models, there is no real consensus 
on the economic reasons why volatility tends to cluster. This thesis further investigates 
the source of the clustering observed in the volatility of returns.

The primary contribution of this thesis is to provide further insight into the volume- 
volatility relationship and clustering in conditional volatility by investigating how the 
market reacts to new information. The volume-volatility relationship is investigated 
through the application of a bivariate GARCH model with exogenous variables and the 
MDH is tested. This bivariate model also investigates if there is a role for various other 
parameters in the relationship such as the variance of volumes and absolute returns. This 
thesis also investigates the applicability of the MDH using text-based analysis of publicly 
available information. Further support for the MDH is found when newly proposed 
variables constructed using text-based analysis are used in lieu of trading volumes. As the 
level of publicly available information increases, volatility of returns increases suggesting 
that both variables are subordinate to the same latent information variable. Lastly, 
this thesis investigates the applicability of the MDH to takeovers and finds support for 
the MDH pre-armouncement and post-announcement. However, the post-announcement 
volatility is found not to display GARCH effects despite the presence of a positive volume- 
volatility correlation. This suggests that the latent information arrival process is no 
longer serially correlated, yet contemporaneous volume and volatility remain correlated.

This chapter provides some concluding comments on each topic and suggests some paths 
for future research. It is structured as follows. Section 7.2 outlines the primary results 
and main findings from the thesis on a chapter by chapter basis. Section 7.3 discusses 
the limitations of the thesis and outlines possible avenues for future research. Finally, 
section 7.4 provides a summary of the thesis’s main findings and conclusions.

7.2 Main findings and literature contributions

The main findings of this thesis provide further support for the MDH under a variety 
of conditions. Support for the MDH is found for large hquid stocks and takeovers pre 
and post announcement. Support for the MDH is also found using text-based analysis to 
construct new variables which may be subordinate to the same latent information arrival 
process as volume and volatihty. Detailed descriptions of these findings are presented in 
this section.

Chapter 4 models the roles of trading volumes in alternative GARCH specifications. A 
bivariate study of volumes and volatility is conducted using a series of nested models.
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The roles and effects of trading volumes is examined in an increasingly generalised 
set of GARCH models, beginning with AR(1)-GARCH(1,1) model with no trading 
volumes; progressing to the univariate AR(1)-GARCH(1,1)-X; AR(1)-GARCH(1,1)-M; 
and AR(1)-GARCH(1,1)-M-X models, and culminating with the constant correlation 
bivariate AR(1)-GARCH(1,1)-M-X model. These models are fitted to the top 20 
Fortune 500 companies in 2005 over the sample period 1 January 1988 to 31 December 
2007. This chapter is both novel and unique in that no previous studies have used 
a bivariate GARCH model of volume and volatility to test the MDH. GARCH-based 
tests of the MDH are used to examine the extent to which the addition of trading 
volumes to the return volatility equation can account for persistence in the return 
volatilities while yielding positive and statistically significant volume coefficients and 
insignificant GARCH parameters. This chapter also proposes a method of detecting 
and replacing outliers found in bivariate data based on the methodology of Franses and 
Ghijsels (1999). A decision tree is constructed to account for the bivariate nature of the 
data, aiding in the identification of additive outliers. The main findings of this chapter 
are that an AR(1)-GARCH(1,1)-X remains the most suitable model for modelling the 
volume-volatility relationship. This is in agreement with the existing literature such as 
Lamoureux and Lastrapes (1990b); Omran and McKenzie (2000) and Arago and Nieto 
(2005). Trading volumes are robustly significant and positively signed in the volatility 
of returns equations, acting to reduce persistence and eliminate the need for GARCH 
terms. These results are robust and consistent with the MDH in most cases, but not all 
due to idiosyncratic differences among firms.

Chapter 5 applies the MDH to text-based analysis and examines the relationship between 
volume, volatility and market sentiment. The role of sentiment in the relationship 
between volume of traded shares and volatility of returns is investigated using firm- 
level tests on the 20 largest Fortune 500 stocks in 2005 over a six year period from 1 
January 2004 to 31 December 2009. The daily index of sentiment is constructed from the 
New York Times by means of a dictionary-based program called Rocksteady. Three new 
serially correlated variables are formulated which together are referred to as sentiment: 
the number of printed words related to the economy, a positive sentiment variable and 
a negative sentiment variable. This chapter is unique in that no previous studies have 
tested the applicabihty of the MDH to sentiment or investigated it as a possible source 
of GARCH effects.

The results find that information extracted from the New York Times using text based 
analysis lends support to the MDH. As sentiment increases the volatility of returns also 
increases. The distributional characteristics of the sentiment variables are investigated 
and found to be in line with the distributional characteristics of volume as predicted 
by the MDH. A positive relationship between the dynamic equicorrelation of stocks and 
the amount of information flowing into the market on a given day is also observed. The 
dynamic equicorrelation between stocks increase as more information is available to the
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market. The equicorrelation between returns also increases as the volatility of returns 
increases, consistent with the MDH. All three sentiment variables are found to be serially 
correlated variables. Sentiment, however, does not play a significant role in the volatility 
of returns or reduce persistence in individual stocks.

Overall, the relationships found between sentiment and returns in this chapter are weaker 
than that of volume and returns. This may be primarily due to the fact that the volume 
variable is company specific whereas sentiment is constructed for the market as a whole. 
Evidence suggests the number of words variable may be the most suitable measure of 
the latent information variable of the three new proposed variables. At a firm level, the 
number of words variable may provide further insight into the flow of information to 
the market. The role of positive and negative sentiment in the volatility of returns is 
somewhat unclear.

Chapter 6 investigates the volume-volatility relationship around the announcement of 
a takeover bid and observes how the market reacts to this information. The sample of 
the takeover targets is selected in a unique and systematic manner. A database of 1454 
takeovers is constructed to include all mergers and acquisitions between 1 January 2000 
and 31 December 2008. From this a sample of 190 targets is selected. This chapter is 
novel in that no previous studies have fitted a true GARCH model to takeover data or 
examined the persistence pre and post takeover announcement.

The share-exchange model is least affected by the announcement of a takeover. Its 
post-announcement conditional volatility behaviour is most consistent with its pre
announcement conditional volatility behaviour. This is due to the post-announcement 
share price continuing to vary with the bidder’s share price after the announcement of a 
takeover where as cash bids converge towards the price offered per share by the bidder.

The post-announcement GARCH models have lower GARCH coefficients and higher 
ARCH coefficients than the pre-announcement models. More weight is given to the 
ARCH coefficient and less weight for the long-run variance resulting in the less “decay” 
toward the long-run variance, or to put it another way, the greater the persistence to 
recent variance. The presence of a positive volume-volatility relationship is found both 
pre and post announcement of a takeover. The estimated persistence before and after the 
announcement of a takeover is reduced when volume is included as an exogenous variable 
in the volatihty of returns equation. The estimated persistence post announcement is 
significantly lower than the pre announcement persistence largely due to the absence 
of significant GARCH effects after the announcement. A possible explanation for these 
finding is that contemporaneous volume and conditional volatility are both subordinate 
to the same latent information arrival process but this process is no longer serially 
correlated. The flow of information to the market is no longer serially correlated after 
the announcement of a takeover. An unanticipated event such as the announcement of a 
takeover causes the behaviour of the conditional volatility process to change signiflcantly.
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This may be evidence that after the announcement of a takeover, the behaviour of the 
latent information arrival process changes significantly. The company may be delisted 
before its conditional volatility can return to behaving in a manner consistent with the 
pre-announcement conditional volatility.

Overall, this thesis provides innovative ways to systematically examine volume-volatility 
relationship in a framework of nested models. It suggests a method for identifying 
outhers in a bivariate GARCH model. It tests the MDH using text based analysis. 
It systematically defines population from which targets for takeover are selected. Finally 
it proposes a new model for testing the MDH pre and post announcement of a takeover.

7.3 L im itations in thesis and future work

This section outhnes some of the limitations of this thesis and suggests some areas of 
future work. Chapter 4 focuses on the 20 largest firms on the Fortune 500 in 2005. The 
sample was not chosen by random selection so inferences only apply to these companies. 
Also, these are large, liquid companies and smaller, less liquid companies may possess 
differing volume-volatility relationships. Future work in this area could focus on a firm- 
level study of cases where the MDH seems not to apply and investigate the causes for 
these inconsistencies with the MDH. In just two of the twenty studied cases, GARCH 
eff'ects remain significant despite a positive and significant contemporaneous volume- 
volatility relationship being present. A sample of smaller firms, such as the smallest 20 
firms listed on the Fortune 500, may exhibit a different volume-volatility relationship 
when compared to the sample used in chapter 4. Analysis would investigate if the size 
of firms has an impact on results.

Chapter 5 uses the same sample of companies as chapter 4, so inferences also only apply to 
these companies. The text-based variable is extracted from a single source, the New York 
Times. If the source of the text-based variables were expanded it may more accurately 
reflect market sentiment such as expanding to include all newspapers in “LexisNexis News 
and Business”, internet blogs and Twitter. A market level study of volume and volatility 
may result in stronger findings and implications for the sentiment variables used in this 
analysis. Company specific sentiment could be further pursued as a possible explanation 
for the idiosyncracies observed between firms. To do so, a pre-specified firm may be used 
to filter the results using the Rocksteady program. Company specific variables may then 
be constructed. Firm-level text analysis may provide deeper insight into the relationships 
between volume, volatility and sentiment. An exploration of different measures based on 
text-analysis may result in further serially correlated variables which may explain some 
or all of the observed unaccounted persistence in the conditional volatility and provide 
further insight into the positive volume-volatility relationship. The time period in the
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data set contains the recent financial crisis and splitting into pre and post crisis may 
show different volume, volatility and sentiment relations.

The inferences made in chapter 6 only apply to the specific deal types defined in the 
database. These consist of completed, friendly mergers between January 2000 and 
December 2008 with one bidder and the acquirer is a publicly listed company where the 
value of the deal is greater than $50 million. Different properties may apply to takeovers 
that do not share these characteristics and future research could consider takeovers with 
a deal value of less that $50 million, hostile takeovers, multiple bidders or European 
takeovers. Takeover specific text-based analysis may shed light on an unexplored area 
of mergers and acquisitions and the volume-volatility behaviour before and after the 
announcement of a takeover. Future work could focus on the post-announcement volume- 
volatility relationship and examine the information arrival process for this time period.

7.4 Sum m ary and conclusions

This chapter has drawn together the novel contributions and main conclusions from 
the thesis, their limitations and the resulting possibilities for future research. The 
primary conclusion to emerge from the analysis is that MDH provides a suitable and 
fitting explanation for the volume-volatility relationship when tested in a GARCH 
framework and under various conditions. Since the standard MDH proposed in 1983, the 
advancement of technology has changed the rate and mechanism by which information 
is transm itted to traders and is reflected in stock returns. Volume may no longer be 
the most accurate variable to capture this flow of information into the market and text- 
based analysis may lead to more suitable proxies. In instances such as an unanticipated 
event like a takeover, the MDH may still apply but the properties of the flow of 
information to the market may change. That is it may no longer be serially correlated. 
A contemporaneous volume-volatility relationship may still remain making the MDH 
applicable despite the lack of clustering in the conditional volatility.
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Appendix

D efinitions 

D ate Announced

Date Announced: The date one or more parties involved in the transaction makes the 
first public disclosure of common or unilateral intent to pursue the transaction (no 
formal agreement is required). Among other things, Date Announced is determined 
by the disclosure of discussions between parties, disclosure of a imilateral approach made 
by a potential bidder, and the disclosure of a signed Memorandum of Understanding 
(MOU) or other agreement. For transactions prior to 2006 this date is set to equal to 
the Rank Date. Date Announced must be dated either on or before the Rank Date. 
Therefore, in cases where the first public announcement of a transaction is made after 
the transaction has completed, Date Announced should equal both Rank Date and Date 
Effective/Unconditional.

Acquiror N ation

Nation of the acquiring company.

Target N ation

Target Nation: Nation in which target’s primary business or division w e is  located at the 
time of the transaction.
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Target Public Status

Ownership of the target company at the time of the transaction.

Deal Status

Most recent status of the transaction: Completed, Unconditional, Intended, Partially 
Completed, Pending, or Lapsed 
Completed: The transaction has closed.
Withdrawn: The target or acquiror in the transaction has terminated its agreement, 
letter of intent, or plans for the acquisition or merger.

Form of Deal

MERGER: A combination of business takes place or 100% of the stock of a public or 
private company is acquired.
ACQUISITION: deal in which 100% of a company is spun off or split off is classified as 
an acquisition by shareholders.
ACQ OF MAJORITY INTEREST: the acquiror must have held less than 50% and be 
seeking to acquire 50% or more, but less than 100% of the target company’s stock.
ACQ OF PARTIAL INTEREST: deals in which the acquiror holds less than 50% and is 
seeking to acquire less than 50%, or the acquiror holds over 50% and is seeking less than 
100% of the target company’s stock.
ACQ OF REMAINING INTEREST: deals in which the acquiror holds over 50% and is 
seeking to acquire 100% of the target company’s stock.
ACQ OF ASSETS: deals in which the assets of a company, subsidiary, division, or branch 
are acquired. This code is used in all transactions when a company is being acquired 
and the consideration sought is not given.
ACQ OF CERTAIN ASSETS: deals in which sources state that “certain assets” of a 
company, subsidiary, or division are acquired.

Deal A ttitude

Attitude Code of the Transaction: Attitude or recommendation of the target company’s 
management or board of directors toward the transaction: Friendly: The board
recommends the offer
Hostile: The board officially rejects the offer but the acquiror persists with the takeover)



Appendix 244

Neutral: The management of the target has nothing to do with the transaction
Not Applicable: The attitude of the board is not applicable, i.e. open market repurchases,
splitoffs and spinoffs
Unsolicited: The offer is a surprise to the target’s board and has not yet given a 
recommendation.

Consideration Structure

Consideration Structure: Description of consideration offered in the transaction.
Cash Only: Transactions in which the only consideration offered is CASH, EARNOUT 
or ASSUMPTION OF LIABILITIES, or any combination of the three.
Stock Only: Transactions in which the only consideration is a form of STOCK.
Hybrid : Transactions in which one of the considerations offered is one of either CASH, 
EARNOUT, or ASSUMPTION OF LIABILITIES and the other consideration offered is 
a form of STOCK.
Other :Transactions in which the consideration offered is any combination excluding 
CASH ONLY, STOCK ONLY and HYBRID.

Macro Industry

Macro Industry : Thomson Financial proprietary macro-level industry classifications 
based on SIC Codes, NAIC Codes and overall company business description. There are 
14 macro-level classifications comprised of more than 85 mid-level categories.

Acquiror Public Status

Public status of acquiring company: public, private, subsidiary, joint venture, govern
ment owned.

Num ber of Bidders

The number of entities (including the acquiror) bidding for a target. Also, the number 
of challenging deals for one target. For deals with only one bidder (ie. no challenger), 
Number of Bidders will be 1. Deals for the other bidders can be seen by reporting on 
the Related M&A Deal set of data items.
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Pre and post announcement takeover models

T able A .l :  Baseline model w ith no exogenous variable

C om pany A R C H G A R C H A R C H + G A R C H
Racketeer Pre 0.493 0.187 0.681

(7.90) (21.27)
Post 0.000 0.111 0.111

(0.00) (2.06)
Lifecell Pre 0.073 0.285 0.358

(2.03) (1.23)
Post 0.000 0.132 0.132

(0.00) (3-14)
W J Communications Pre 0.017 0.967 0.984

(3.19) (83.41)
Post 0.415 0.000 0.415

(1.81) (0.00)
BEA Systems Pre 0.002 0.979 0.980

(0.68) (51.49)
Post 0.000 0.000 0.000

(0.00) (0.03)
Larnson &; Session Pre 0.541 0.261 0.802

(6.72) (3.70)
Post 0.987 0.000 0.987

(3.01) (0.00)
Lone Star Tech. Pre 0.026 0.047 0.072

(0.58) (3.50)
Post 0.000 0.000 0.000

(0.00) (0.00)
Altiris Pre 0.017 0.978 0.994

(3.62) (58.31)
Post 0.726 0.000 0.726

(1.10) (0.00)
Tanox Pre 0.099 0.000 0.099

(2.62) (0.00)
Post 0.701 0.260 0.961

(2.49) (2.86)
Stellent Pre 0.021 0.972 0.993

(1.79) (56.75)
Post 0.669 0.000 0.669

(2.16) (0.00)
Maritrans Ptns. Pre 0.215 0.423 0.638

(5.38) (4.34)
Post 0.129 0.702 0.831

(1.31) (13.02)
NS Group Pre 0.073 0.796 0.869

(3.35) (16.18)
Post 0.085 0.000 0.085

(0.77) (0.00)
Inet, Scty. Sys. Pre 0.015 0.984 0.998

(5.13) (32.81)
Post 0.000 0.027 0.027

(0.00) (0.70)
Delta &: Pine Ld. Pre 0.023 0.028 0.050

(0.96) (0.04)
Post 0.091 0.000 0.091

(0.68) (0.00)
Opinion Resh. Pre 0.124 0.749 0.124
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T able A .l  — co n tin u ed  from  prev ious page
C om pany A R C H G A R C H A R C H + G A R C H

(8.02) (34.54)
Post 0.539 0.000 0.539

(2.97) (0.00)
Western Gas Res. Pre 0.088 0.878 0.966

(3.81) (27.62)
Post 0.000 0.000 0.000

(0.00) (0.00)
Amer. Retirement Pre 0.037 0.948 0.985

(3.25) (57.41)
Post 0.413 0.000 0.413

(1.49) (0.00)
Applied Films Pre 0.127 0.808 0.935

(14.35) (98.31)
Post 0.189 0.000 0.189

(87.36) (0.00)
Captiva Softwcire Pre 0.117 0.822 0.939

(4.33) (20.73)
Post 0.371 0.000 0.371

(1.18) (0.00)
Amnet Mge. Pre 0.020 0.978 0.999

(5.60) (92.47)
Post 0.277 0.000 0.277

(1.52) (0.00)
Cyberguard Pre 0.137 0.785 0.923

(5.22) (18.83)
Post 0.254 0.024 0.278

(1.85) (0.06)
Vicuron Phcirms. Pre 0.123 0.444 0.567

(2.97) (4.47)
Post 0.000 0.000 0.00

(0.00) (0.00)
Oshkosh B’Gosh Pre 0.088 0.829 0.917

(4.39) (24.51)
Post 0.791 0.000 0.791

(8.14) (0.00)
Concord Comms. Pre 0.016 0.982 0.998

(3.94) (94.27)
Post 0.053 0.000 0.053

(0.41) (0.00)
Closure Medical Pre 0.184 0.107 0.291

(4.00) (0.85)
Post 0.657 0.000 0.657

(1.45) (0.00)
Pulitiser Pre 0.423 0.202 0.624

(4.41) (2.06)
Post 0.168 0.000 0.168

(2.67) (0.00)
Argosy Gaming Pre 0.100 0.629 0.729

(3.02) (6.53)
Post 0.084 0.842 0.926

(2.24) (26.24)
Amer. Med. Secs. Gp. Pre 0.022 0.970 0.992

(34.99) (19.77)
Post 0.041 0.000 0.041

(8.31) (0.00)
NUI Pre 0.000 0.014 0.014

(39.80) (3.70)
Post 0.000 0.246 0.246
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T able A .l  — con tin u ed  from  p rev ious page
C om pany A R C H G A R C H A R C H + G A R C H

(0.00) (3.94)
Information Hdg. Pre 0.248 0.703 0.951

(8.56) (26.62)
Post 0.000 0.171 0.171

(0.00) (1.13)
Novadigm Pre 0.453 0.533 0.986

(6.60) (8.37)
Post 0.060 0.068 0.127

(0.54) (0.73)
Eldertrust Pre 0.066 0.915 0.981

(7.77) (42.65)
Post 0.704 0.000 0.704

(2.27) (0.00)
Vixel Pre 0.109 0.880 0.989

(5.68) (45.95)
Post 0.082 0.000 0.082

(0.48) (0.00)
Scios Pre 0.618 0.175 0.794

(8.29) (2.63)
Post 0.000 0.230 0.230

(0.00) (3.59)
HTE Pre 0.203 0.536 0.739

(5.22) (15.31)
Post 0.213 0.000 0.213

(29.87) (0.00)
Inktomi Pre 0.045 0.950 0.995

(3.43) (64.05)
Post 0.034 0.000 0.034

(0.23) (0.00)
Meridian Med, Techs. Pre 0.087 0.784 0.871

(3.01) (9.32)
Post 0.010 0.000 0.010

(0.86) (0.00)
Ivex Packaging Del. Pre 0.101 0.864 0.965

(3.94) (25.74)
Post 0.312 0.000 0.312

(1.63) (0.00)
Vidamed Inco. Pre 0.220 0.000 0.220

(3.88) (0.00)
Post 0.525 0.000 0.525

(2.26) (0.00)
Gaylord Ctrs. Pre 0.087 0.905 0.991

(12.83) (71.81)
Post 0.268 0.151 0.419

(3.38) (1.17)
Triton Energy Pre 0.159 0.650 0.809

(4.32) (4.20)
Post 0.000 0.000 0.000

(0.06) (0.00)
Acres Gaming Pre 0.018 0.980 0.998

(5.01) (72.57)
Post 0.000 0.076 0.076

(0.00) (0.96)
ADE Pre 0.057 0.931 0.988

(32.32) (8.18)
Post 0.000 0.292 0.292

(0.00) (7.01)
Advanced Neuro. Pre 0.058 0.830 0.887
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T able A .l  — co n tin u ed  from  p rev io u s page
C om pany A R C H G A R C H A R C H + G A R C H

(2.82) (14.40)
Post 0.024 0.094 0.118

(77.66) (54.80)
ADVO Pre 0.355 0.432 0.787

(4,41) (4.01)
Post 0.035 0.000 0.035

(1.00) (0.00)
Agile Software Pre 0.065 0.906 0.971

(2.38) (22.20)
Post 0.000 0.143 0.143

(0.00) (1.75)
Alderwoods Gp. Pre 0.111 0.866 0.977

(5.17) (37.87)
Post 0.263 0.257 0.520

(2.47) (2.07)
Alpharma Pre 0.233 0.722 0.955

(27.30) (28.00)
Post 0.371 0.604 0.976

(2.46) (6.55)
Amer.Tech. Ceramic Pre 0.046 0.835 0.881

(2.98) (13.17)
Post 0.176 0.000 0.176

(2.07) (0.00)
Applebee’s Intl. Pre 0.105 0.000 0.105

(29.57) (0.00)
Post 0.477 0.397 0.874

(1.75) (1.64)
Boron Lepore & As. Pre 0.512 0.262 0.774

(7.67) (7.40)
Post 0.015 0.000 0.015

(1.46) (0.00)
Notes: This table presents the results of equation 6.15 for the baseline target 
companies when /Ss and /3e axe set to zero. The corresponding t-values are given 
in parenthesis. The pre-bid period runs from 100 days before announcement of a 
takeover to 1 day before. The post bid period runs from the announcement day 
until the conclusion of the bid.
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T a b l e  A .2: Baseline model with exogenous variable

C o m p a n y A R C H G A R C H V o lu m e A R C H -h G A R C H
Racketeer Pre 0.033 0.000 0.06 0.033

(13.43) (0.00) (14.87)
Post 0.010 0.037 -1.03E-04 0.047

(2.04) (5.77) (-3.79)
Lifecell Pre 0.071 0.000 0.03 0.071

(2.37) (0.00) (26.53)
Post 0.000 0.277 5.68E-05 0.277

(0.00) (89.64) (2.13)
W J Communications Pre 0.078 0.000 0.53 0.078

(2.89) (0.00) (12.68)
Post 0.326 0.000 1.07E-03 0.326

(1.48) (0.00) (0.37)
BEA Systems Pre 0.000 0.000 0.02 0.000

(0.00) (0.00) (18.92)
Post 0.000 0.000 4.40E-03 0.000

(0.00) (0.00) (3.62)
Lamson & Session Pre 0.201 0.000 0.04 0.201

(3.80) (0.00) (11.00)
Post 0.508 0.000 1.09E-04 0.508

(1.83) (0.00) (2.69)
Lone Stax Tech. Pre 0.000 0.000 0.04 0.000

(0.00) (0.00) (15.67)
Post 0.038 0.000 9.65E-05 0.038

(16.92) (0.00) (3.46)
Altiris Pre 0.003 0.000 0.04 0.003

(0.09) (0.00) (12.24)
Post 0.613 0.000 -7.05E-06 0.613

(1.07) (0.00) (-0.88)
Tanox Pre 0.049 0.000 0.09 0.049

(1.44) (0.00) (8.65)
Post 0.244 0.010 1.60E-03 0.254

(1.79) (0.34) (4.93)
Stellent Pre 0.027 0.000 0.11

(1.44) (0.00) (11.50)
Post 0.632 0.000 -1.24E-04 0.632

(4.06) (0.15) (-3.17)
M aritrans P tns. Pre 0.044 0.000 0.06 0.044

(1.34) (0.00) (9.42)
Post 0.338 0.531 -4.57E-06 0.870

(1.84) (11.62) (-0.42)
NS Group Pre 0.157 0.000 0.03 0.157

(3.68) (0.00) (7.80)
Post 0.348 0.029 3.15E-02 0.377

(1.97) (33.30) (3.26)
Inet. Scty. Sys. P re 0.000 0.000 0.04 0.000

(0.00) (0.00) (25.25)
Post 0.000 0.007 2.53E-04 0.007

(0.00) (0.68) (4.10)
Delta & Pine Ld. P re 0.030 0.000 0.03 0.030

(1.08) (0.00) (8.74)
Post 0.062 0.007 1.95E-04 0.069

(0.46) (0.54) (1.97)
Opinion Resh. Pre 0.238 0.564 0.09 0.802

(5.77) (9.39) (4.46)
Post 0.435 0.000 -1.07E-04 0.435

(1.73) (0.00) (-0.16)
W estern Gas Res. Pre 0.067 0.000 0.04 0.067
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T able A .2 — con tin u ed  from  p rev ious page
C om pany A R C H G A R C H V olum e A R C H -t^G A R C H

Post
(2.27)
0.030
(5.39)

(0.00)
0.000
(0.00)

(16.44)
1.48E-04
(7.08)

0.030

Amer. Retirement Pre 0.269 0.394 0.02 0.663
(5.00) (4.85) (3.57)

Post 0.000 0.000 6.11E-03 0.000
(0.00) (0.00) (19.06)

Applied Films Pre 0.090 0.024 0.07 0.114
(2.99) (0.34) (12.51)

Post 0.000 0.000 9.80E-05 0.000
(0.00) (0.00) (3.08)

Captiva Software Pre 0.268 0.549 0.02 0.817
(4.78) (5.98) (3.41)

Post 0.000 0.048 1.32E-03 0.048
(0.00) (2.33) (3.65)

Amnet Mge. Pre 0.491 0.000 0.23 0.491
(6.60) (0.00) (9.98)

Post 0.100 0.000 -5.83E+00 0.100
(1.12) (0.00) (-4.36)

Cyberguard Pre 0.148 0.763 0.01 0.911
(4.78) (15.01) (1.37)

Post 0.228 0.390 -5.60E-03 0.618
(1.81) (1.66) (-2.62)

Vicuron Pharms Pre 0.102 0.097 0.09 0.199
(3.65) (2.08) (n.60)

Post 0.000 0.000 7.61E-04 0.000
(0.00) (0.00) (2.68)

Oshkosh B’Gosh Pre 0.032 0.000 0.08 0.032
(1.44) (0.00) (7.49)

Post 0.000 0.705 -5.87E-04 0.705
(0.00) (18.74) (-3.07)

Concord Comms. Pre 0.089 0.000 0.11 0.089
(2.68) (1.78) (9.14)

Post 0.000 0.000 1.98E-04 0.000
(0.00) (0.00) (3.12)

Closure Medical Pre 0.273 0.138 0.12 0.411
(5.37) (2.34) (13.65)

Post 0.665 0.000 2.77E-04 0.665
(2.64) (0.00) (3.06)

Pulitizer Pre 0.086 0.000 0.05
(2.66) (0.00) (10.88)

Post 0.000 0.000 1.47E-04 0.000
(0.00) (0.00) (3.68)

Argosy Gaming Pre 0.041 0.000 0.04 0.041
(1.91) (0.00) (14.68)

Post 0.072 0.009 4.17E-04 0.082
(1.74) (0.40) (10.46)

Amer. Med. Secs. Gp. Pre 0.181 0.000 0.13 0.181
(4.95) (8.09) (9.87)

Post 0.206 0.000 1.13E-03 0.206
(1.54) (0.00) (3.17)

NUI Pre 0.180 0.000 0.05 0.180
(4.09) (0.00) (10.78)

Post 0.000 0.045 5.97E-04 0.045
(0.00) (1.56) (2.21)

Information Hdg Pre 0.327 0.327 0.11 0.654
(6.57) (6.26) (7.10)

Post 0.000 0.000 4.18E-04 0.000
Continued on next page
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T able  A .2 — co n tin u ed  from  p rev ious page
C om pany A R C H G A R C H V olum e A R C H + G A R C H

(0.00) (0.08) (1.01)
Novadigm Pre 0,177 0.018 0.84 0.195

(3.11) (0.44) (9.62)
Post 0.000 0.009 -6.16E-02 0.009

(0.00) (1.45) (-11.51)
Eldertrust Pre 0.366 0.314 0.14 0.680

(8.22) (7.89) (11.24)
Post 0.153 0.000 1.35E-04 0.153

1.021 0.000 1.87
Vixel Pre 0.229 0.000 0.32 0.229

(5.88) (0.00) (9.35)
Post 0.010 0.000 9.57E-05 0.010

(0.29) (0.00) (1.56)
SCIOS Pre 0.342 0.000 0.10 0.342

(5.27) (0.00) (8.78)
Post 0.134 0.000 5.74E-04 0.134

(55.90) (0.00) (2.42)
HTE Pre 0.166 0.000 0.54 0.166

(27.60) (0.00) (13.58)
Post 0.000 0.003 1.18E-04 0.003

(0.00) (1.46) (1.56)
Inktomi Pre 0.099 0.000 0.15 0.099

(2.76) (0.00) (11.35)
Post 0.000 0.000 -7.13E-05 0.000

(0.00) (0.00) (-0.41)
Meridian Med. Techs. Pre 0.116 0.000 0.17 0.116

(3.33) (0.00) (7.88)
Post 0.000 0.005 4.18E-05 0.005

(0.00) (1.44) (0.80)
Ivex Packaging Pre 0.185 0.000 0.31 0.185

(4.22) (0.00) (10.88)
Post 0.296 0.001 2.30E-04 0.297

(1.58) (0.29) (1.47)
Vidamed Inco. Pre 0.137 0.000 0.41 0.137

(3.84) (0.00) (20.92)
Post 0.308 0.000 1.80E-04 0.308

(1.60) (0.00) (1.87)
Gaylords Ctrs Pre 0.168 0.000 0.70 0.168

(4.05) (0.00) (9.83)
Post 0.014 0.000 3.84E-01 0.014

(0.79) (0.00) (10.63)
Triton Energy Pre 0.000 0.000 0.12 0.000

(0.00) (0.00) (26.99)
Post 0.000 0.001 5.20E-07 0.001

(0.00) (1.28) (0.06)
Acres Gaming Pre 0.158 0.000 0.35 0.158

(4.89) (0.00) (16.65)
Post 0.000 0.000 3.85E-04 0.000

(0.00) (0.00) (4.91)
ADE Pre 0.140 0.836 0.01 0.977

(3.26) (16.93) (2.42)
Post 0.001 0.184 2.07E-02 0.185

(2.51) (8.37) (18.12)
Advanced Neuro. Pre 0.109 0.000 0.03 0.109

(2.94) (0.00) (12.69)
Post 0.000 0.093 7.61E-05 0.093

(0.01) (1.61) (3.55)
ADVO Pre 0.045 0.000 0.04 0.045
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T able A .2 — co n tin u ed  from  p rev ious page
C om pany A R C H G A R C H V olum e A R C H + G A R C H

(16.13) (0.00) (9.34)
Post 0.031 0.000 6.74E-03 0.031

(4.36) (0.00) (6.65)
Agile Software Pre 0.099 0.000 0.06 0.099

(2.33) (0.00) (9.43)
Post 0.000 0.044 l.OlE-04 0.044

(0.00) (1.92) (1.75)
Alderwoods Gp. Pre 0.121 0.861 0.00 0.981

(4.52) (33.18) (1.25)
Post 0.049 0.000 3.57E-04 0.049

(0.63) (0.00) (3.46)
Alpharma Pre 0.015 0.000 0.03 0.015

(21.09) (0.00) (5.96)
Post 0.387 0.106 3.62E-02 0.494

(18.47) (27.04) (4.52)
Amer. Tech. Ceramic Pre 0.020 0.000 0.62 0.020

(1.44) (0.00) (22.07)
Post 0.836 0.247 3.94E-05 1.083

(3.13) (4.09) (0.21)
Applebee’s Intl. Pre 0.000 0.000 0.02 0.000

(0.00) (0.00) (13.02)
Post 0.203 0.305 8.16E-04 0.508

(1.52) (8.01) (3.26)
Boron Lepore & As. Pre 0.342 0.000 0.10 0.342

(5.27) (0.00) (8.78)
Post 0.134 0.000 5.74E-04 0.134

(55.90) (0.00) (2.42)
Notes: This table presents the results of equation 6.15 for the baseline target companies. The 
corresponding t-values are given in parenthesis. The pre-bid period runs from 100 days before 
announcement of a takeover to 1 day before. The post bid period runs from the announcement day 
until the conclusion of the bid.
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T a b l e  A .3: Share exchange model with no exogenous variable

C om pany A R C H G A R C H A R C H + G A R C H
Exult Pre 0.165 0.734 0.899

(5.65) (17.82)
Post 0.493 0.000 0.493

(1.82) (0.00)
Right Man Cnsls. Pre 0.026 0.973 0.999

(2.47) (90.47)
Post 0.210 0.427 0.637

(0.88) (2.74)
Brass Eagle Pre 0.331 0.025 0.356

(2.67) (0,24)
Post 0.000 0.000 0.000

(0.00) (0.00)
Peoples Energy Pre 0.181 0.730 0.911

(4.37) (11.90)
Post 0.000 0.974 0.974

(0.00) (36.29)
Kaneb Pipe. Pre 0.326 0.594 0,920

(14.19) (53.28)
Post 0.346 0.544 0.890

(3.40) (7.93)
Varco Intl. Del. Pre 0.034 0.958 0.992

(3.32) (72.56)
Post 0.000 0.867 0.867

(0.00) (2.52)
Gulfterra En. Ptns. Pre 0.250 0.716 0.966

(6.21) (13.41)
Post 0.525 0,051 0.575

(3.54) (0.60)
Fusion Med. Tech. Pre 0.355 0.474 0.829

(5.31) (5.59)
Post 0.609 0.000 0.609

(2.00) (0.00)
Hecirtport Pre 0.202 0.310 0.513

(3.60) (6.29)
Post 0.000 0.000 0.000

(0.00) (0.00)
Catalyst Semicon. Pre 0.042 0.941 0.983

(2.83) (44.66)
Post 0.312 0.689 1.001

(0.50) (1.87)
Sipex Pre 0.026 0.969 0.995

(8.94) (45.06)
Post 0.515 0.000 0.515

(2.43) (0.00)
Documentum Pre 0.018 0.981 0.999

(3.03) (34.18)
Post 0.000 0.758 0.758

(0.00) (5,91)
Esher Techs. Ga. Pre 0.115 0.883 0.998

(8.10) (65.36)
Post 0.292 0.698 0.990

(2.53) (11.10)
Cambdg. Tech. Pre 0.022 0.973 0,995

(5.60) (208.81)
Post 0.298 0.454 0.751

(2.14) (2.73)
Intgrtd. Measure. Sys. Pre 0.234 0.101 0.335
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T able A .3 — con tin u ed  from  p rev ious page
C om pany A R C H G A R C H A R C H + G A R C H

(4.11) (0.95)
Post 0.000 0.000 0.000

(0.00) (0.00)
Dallas Semi-Conductor Pre 0.023 0.972 0.995

(5.08) (153.66)
Post 0.271 0.636 0.906

(0.92) (2.09)
Commonwealth Inds. Pre 0.113 0.611 0.724

(3.19) (5.53)
Post 0.384 0.000 0.384

(1.56) (0.00)
Hispanic Beast. Pre 0.122 0.802 0.923

(3.83) (12.10)
Post 0.130 0.842 0.972

(2.07) (11.38)
Standard Commercial Pre 0.075 0.924 0.998

(3.48) (46.54)
Post 0.091 0.940 1.032

(1.98) (23.90)
Castle Energy Pre 0.247 0.557 0.803

(6.03) (9.33)
Post 0.298 0.280 0.579

(2.46) (1.48)
Horizon Med. Prods Pre 0.078 0.900 0.978

(4.68) (44.54)
Post 0.381 0.548 0.928

(1.65) (4.05)
Apogent Techs Pre 0.465 0.531 0.996

(55.43) (69.27)
Post 0.000 0.280 0.280

(0.00) (5.23)
Corvas Intl. Pre 0.215 0.644 0.859

(4.51) (10.03)
Post 0.160 0.802 0.962

(2.91) (13.55)
Duramed Pharms. Pre 0.255 0.172 0.427

(0.25) (2.02)
Post 0.000 0.912 0.912

(0.00) (23.68)
Urocor Pre 0.036 0.000 0.036

(2.35) (0.00)
Post 0.291 0.484 0.774

(1.44) (2.70)
Amis Hdg. Pre 0.069 0.822 0.891

(3.46) (19.43)
Post 0.000 0.946 0.946

(0.00) (14.75)
Pemstar Pre 0.129 0.323 0.452

(2.43) (1.42)
Post 0.000 0.000 0.000

(0.00) (0.00)
Mcdata Pre 0.027 0.968 0.995

(10.76) (113.50)
Post 0.005 0.597 0.602

(0.08) (12.78)
Maxtor Pre 0.067 0.905 0.972

(9.14) (316.64)
Post 0.000 0.000 0.000
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T a b le  A .3 — c o n tin u e d  fro m  p re v io u s  p a g e
C o m p a n y A R C H G A R C H A R C H + G A R C H

(0.00) (0.00)
Veritas Software Pre 0.207 0.769 0.977

(5.69) (24.92)
Post 0.071 0.490 0.561

(0.69) (2.10)
Cable Design Techs Pre 0.186 0.678 0.863

(3.54) (6.35)
Post 0.000 0.182 0.182

(0.00) (0.39)
ACTV Pre 0.247 0.454 0.701

(4.16) (4.50)
Post 0.000 0.965 0.965

(0.00) (47.70)
Avant Corp. Pre 0.569 0.213 0.782

(6.11) (2.97)
Post 0.501 0.066 0.566

(2.39) (0.62)
Open Market Pre 0.066 0.932 0.997

(31.00) (192.76)
Post 0.000 0.987 0.987

(0.00) (5.14)
Hither. Pre 0.162 0.618 0.779

(3.78) (5.07)
Post 0.297 0.000 0.297

(1.34) (0.00)

Notes: This table presents the results of equation 6.15 for the share exchange target 
companies when /3s and /Je are set to zero. The corresponding t-values are given 
in parenthesis. The pre-bid period runs from 100 days before announcem ent of a 
takeover to 1 day before. The post bid period runs from the announcem ent day 
until the conclusion of the bid.
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Table A .4; Share exchange with exogenous variable

C om pany A R C H G A R C H V olum e A R C H + G A R C H
Exult Pre 0.373 0.072 0.063 0.445

(5.18) (1.25) (3.49)
Post 0.567 0.000 0.022 0.567

(9.19) (0.00) (2.16)
Right Man Cnsls. Pre 0.091 0.000 0.089 0.091

(3.22) (0.00) (12.81)
Post 0.000 0.000 0.001 0.000

(0.00) (0.05) (0.72)
Brass Eagle Pre 0.142 0.052 0.687 0.194

(3.22) (1.48) (11.34)
Post 0.000 0.000 0.687 0.000

(0.00) (0.00) (11.34)
Peoples Energy Pre 0.138 0.000 0.020 0.138

(3.60) (0.00) (10.25)
Post 0.000 0.000 0.006 0.000

(0.00) (0.00) (6.07)
Kaneb Pipe. Pre 0.246 0.000 0.072 0.246

(5.09) (0.00) (17.84)
Post 0.014 0.000 0.013 0.014

(0.51) (0.00) (16.27)
Varco Intl. Del. Pre 0.052 0.000 0.075 0.052

(1.59) (0.00) (5.53)
Post 0.000 0.000 0.032 0.000

(0.00) (0.00) (2.45)
Gulfterra En. Ptns. Pre 0.269 0.100 0.046 0.368

(4.53) (0.63) (3.30)
Post 0.060 0.000 0.047 0.060

(0.90) (0.00) (5.53)
Fusion Med. Tech. Pre 0.445 0.286 0.149 0.000

(6.83) (5.69) (63.23)
Post 0.220 0.035 -8.18E-06 0.000

(65.79) (21.42) (-0.02)
Heaxtport Pre 0.125 0.000 0.249 0.125

(3.29) (0.00) (7.58)
Post 0.000 0.000 0.249 0.000

(0.00) (0.00) (7.58)
Catalyst Semicon. Pre 0.117 0.028 0.140 0.146

(2.94) (0.69) (11.64)
Post 0.382 0.350 0.267 0.731

(1.95) (3.16) (2.23)
Sipex Pre 0.057 0.000 0.318 0.057

(2.07) (0.00) (18.56)
Post 0.615 0.000 0.011 0.615

(2.44) (0.00) (1.57)
Documentum Pre 0.155 0.000 0.127 0.155

(4.46) (0.00) (12.82)
Post 0.000 0.000 0.018 0.000

(0.00) (0.00) (2.36)
Esher Techs. Ga. Pre 0.268 0.082 0.580 0.350

(5.66) (1.32) (6.12)
Post 0.494 0.527 -0.129 1.021

(2.01) (4.16) (-3.55)
Cambdg. Tech. Pre 0.062 0.000 0.146 0.062

(1.61) (0.00) (13.31)
Post 0.319 0.300 0.152 0.619

(1.77) (1.01) (2.35)
Intgrtd. Measure. Sys. Pre 0.113 0.000 0.302 0.113
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T able A .4 — co n tin u ed  from  p rev io u s page
C om pany A R C H G A R C H V olum e A R C H + G A R C H

(2.57) (0.00) (8.28)
Post 0.000 0.175 0.015 0.175

(0.00) (1.63) (0.48)
Dallas Semi-Conductor Pre 0.272 0.231 0.088 0.503

(9.17) (4.07) (9.46)
Post 0.176 0.000 0.026 0.176

(0.76) (0.00) (0.98)
Commonwealth Inds. Pre 0.225 0.072 0.322 0.296

(4.00) (0.68) (10.21)
Post 0.000 0.000 0.095 0.000

(0.00) (0.00) (5.21)
Hispanic Beast. Pre 0.153 0.000 0.268 0.153

(3.94) (0.00) (12.37)
Post 0.272 0.675 0.014 0.948

(4.11) (11.83) (2.19)
Standard Commercial Pre 0.171 0.075 0.200 0.246

(3.79) (1.05) (7.80)
Post 0.189 0.000 0.071 0.189

(1.59) (0.00) (2.34)
Castle Energy Pre 0.133 0.000 0.454 0.133

(3.62) (0.00) (10.17)
Post 0.326 0.000 0.033 0.326

(2.22) (0.00) (1.26)
Horizon Med. Products Pre 0.097 0.880 0.079 0.977

(4.46) (34.14) (1.71)
Post 0.197 0.374 0.583 0.571

(0.75) (1.72) (1.09)
Apogent Techs Pre 0.227 0.000 0.080 0.227

(9.61) (0.00) (9.61)
Post 0.000 0.000 0.023 0.000

(0.00) (0.00) (4.58)
Corvas Intl. Pre 0.155 0.037 0.197 0.192

(3.13) (0.70) (8.11)
Post 0.028 0.000 0.190 0.028

(0.55) (0.00) (6.78)
Duramed Pharms. Pre 0.179 0.000 0.172 0.179

(4.42) (0.00) (20.46)
Post 0.000 0.000 0.071 0.000

(0.00) (0.00) (4.22)
Urocor Pre 0.152 0.032 0.356 0.184

(4.11) (1.03) (10.00)
Post 0.092 0.000 0.020 0.092

(2.31) (0.00) (2.31)
Amis Hdg. Pre 0.019 0.000 0.134 0.019

0.823 (0.00) (10.89)
Post 0.093 0.373 0.021 0.466

(0.56) (1.08) (0.30)
Pemstar Pre 0.053 0.000 0.292 0.053

(2.11) (0.00) (11.73)
Post 0.000 0.000 0.021 0.000

(0.00) (0.00) (2.60)
Mcdata Pre 0.021 0.000 0.050 0.021

(1.26) (0.00) (21.39)
Post 0.000 0.000 0.033 0.000

(0.00) (0.00) (4.07)
Maxtor Pre 0.183 0.038 0.075 0.221

(3.01) (0.74) (7.72)
Post 0.000 0.000 0.017 0.000
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T able A .4 — con tin u ed  from  p rev ious page
C om pany A R C H G A R C H Volum e A R C H + G A R C H

(0.03) (0.00) (2.58)
Veritas SoftwEire Pre 0.067 0.000 0.071 0.067

(2.57) (0.00) (21.08)
Post 0.015 0.000 0.033 0.015

(0.24) (0.00) (6.28)
Cable Design Techs Pre 0.211 0.084 0.085 0.295

(5.02) (0.83) (3.17)
Post 0.000 0.000 0.028 0,000

(0.00) (0.00) (2.92)
ACTV Pre 0.140 0.000 0.198 0.140

(3.86) (0.00) (8.96)
Post 0.000 0.000 0.461 0.000

(0.00) (0.00) (3.38)
Avant Corp. Pre 0.048 0.000 0.196 0.048

(1.80) (0.00) (16.60)
Post 0.187 0.068 0.029 0.254

(1.78) (0.82) (4.29)
Open Market Pre 0.136 0.000 0.144 0.136

(4.16) (0.00) (9.16)
Post 0.042 0.868 0.416 0.910

(0.29) (5.94) (2.86)
Hither. Pre 0.097 0.000 0.309 0.097

(3.11) (0.00) (11.21)
Post 0.085 0.000 0.239 0.085

(0.84) (0.00) (4.45)
Notes: This table presents the results of equation 6.15 for the share exchange target companies. 
The corresponding t-values axe given in parenthesis. The pre-bid period runs from 100 days before 
announcement of a takeover to 1 day before. The post bid period runs from the announcement day 
until the conclusion of the bid.
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Table A .5: Hybrid model with no exogenous variable

C om pany A R C H G A R C H A R C H + G A R C H
Pogo Pre 0.023 0.778 0.801

(1.46) (7.71)
Post 0.000 0.000 0.000

(0.00) (0.00)
Louis Dreyfus Pre 0.094 0.463 0.557

(2.82) (1.81)
Post 0.622 0.000 0.622

(2.20) (0.00)
Global Marine Inc Pre 0.061 0.302 0.363

(3.12) (1.45)
Post 0.302 0.000 0.302

(0.00) (0.00)
Ultramar Diamond Pre 0.061 0.884 0.945
Shamrock

(3.29) (23.82)
Post 0.302 0.000 0.302

(1.45) (0.00)
Guilford Pharmas. Pre 0.175 0.334 0.509

(3.73) (8.53)
Post 0.214 0.000 0.214

(1.21) (0.00)
Province Healthcare Co Pre 0.034 0.956 0.990

(4.96) (107.96)
Post 0.189 0.000 0.189

(1.76) (0.00)
Mid Atlantic Med. Pre 0.100 0.844 0.944

(5.02) (31.57)
Post 0.000 0.000 0.000

(0.00) (0.00)
Trigon Healthcare Pre 0.132 0.851 0.983

(98.58) (20.37)
Post 0.735 0.125 0.860

(13.15) (8.07)
Advanced Digital Info Pre 0.152 0.206 0.358

(2.78) (6.25)
Post 0.176 0.000 0.176

(1.53) (0.00)
Computer Network Pre 0.222 0.137 0.359
Technology

(1.15) (1.15)
Post 0.000 0.038 0.038

(0.00) (0.19)
Overture Services Inc Pre 0.213 0.424 0.637

(3.95) (5.66)
Post 0.000 0.000 0.000

(0.00) (0.00)
BTG Pre 0.243 0.632 0.874

(5.37) (13.49)
Post 0.478 0.015 0.493

(1.76) (0.08)
Compaq Computer Pre 0.099 0.736 0.835

(3.68) (25.98)
Post 0.066 0.871 0.936

(1.45) (8.65)
Trane Pre 0.135 0.038 0.172

(3.19) (0.46)
Post 0.102 0.278 0.379
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T able A .5 —con tinued  from prev ious page
C om pany A R C H G A R C H A R C H + G A R C H

(0.72) (1.07)
USF Pre 0.054 0.795 0.849

(3.18) (74.28)
Post 0.000 0.000 0.000

(0.00) (0.00)
Roanoke Electric Steel Pre 0.185 0.731 0.916

(8.08) (106.83)
Post 0.273 0.584 0.857

(2.13) (4.74)
Ackerley Group Pre 0.204 0.765 0.969

(5.20) (19.29)
Post 0.108 0.000 0.108

(1.13) (0.00)
May Department Pre 0.060 0.875 0.936
Stores

(5.32) (174.68)
Post 0.000 0.492 0.492

(0.00) (3.11)
Brio Software Pre 0.224 0.004 0.228

(4.23) (0.06)
Post 0.095 0.108 0.203

(0.83) (0.48)
Frontstep Pre 0.317 0.671 0.988

(7.58) (19.62)
Post 0.346 0.602 0.948

(2.34) (6.40)
Metro Information Ser Pre 0.162 0.733 0.895
vices

(4.74) (12.25)
Post 0.000 0.032 0.032

(0.00) (0.82)
GenRad Pre 0.091 0.143 0.234

(3.23) (0.90)
Post 0.148 0.733 0.881

(0.88) (2.16)
SCI Systems Pre 0.168 0.738 0.906

(15.81) (98.07)
Post 0.000 0.170 0.171

(0.00) (1.91)
Remedy Pre 0.346 0.515 0.862

(5.17) (10.62)
Post 0.218 0.724 0.942

(1.58) (5.66)
Washington Group Inti Pre 0.113 0.043 0.156

(2.91) (0.15)
Post 0.068 0.877 0.946

(1.84) (8.11)
Engineered Support Pre 0.142 0.608 0.750
Sys.

(4.16) (6.18)
Post 0.019 0.000 0.019

(0.20) (0.00)
Roadway Pre 0.078 0.469 0.547

(2.75) (3.52)
Post 0.112 0.000 0.112

(1.03) (0.00)
United Dominion Pre 0.556 0.458 1.014

(8.25) (9.12)
Continued on next page
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T a b le  A .5 — c o n tin u e d  fro m  p re v io u s  p a g e
C o m p a n y A R C H G A R C H A R C H + G A R C H

Post 0.000 0.000 0.000
(0.00) (0.00)

G reat Lakes Chemical Pre 0.076 0.870 0.946
(5.23) (34.87)

Post 0.000 0.864 0.864
(0.00) (1.23)

Dow Jones & Co Pre 0.012 0.981 0.993
(2.83) (69.06)

Post 0.470 0.513 0.983
(4.59) (8.59)

Caesars Entertainm ent Pre 0.212 0.717 0.929
(5.39) (14.81)

Post 0.963 0.000 0.963
6.318 (0.00)

Anchor Gaming Pre 0.256 0.421 0.677
(4.50) (3.61)

Post 0.566 0.248 0.814
(1.51) (1.08)

Wndrose Med. Pre 0.273 0.490 0.763
(5.38) (15.05)

Post 0.000 0.572 0,572
(0.00) (4.51)

Catellus Dev. Pre 0.103 0.526 0.630
(6.92) (5.37)

Post 0.137 0.000 0.137
(5.37) (0.00)

Summit Properties Pre 0.290 0.447 0.737
(18.44) (29.39)

Post 0.069 0.456 0.525
(0.71) (6.52)

Notes: This table presents the results of equation 6.15 for the hybrid target 
companies when /3s and are set to zero. The corresponding t-values are given 
in parenthesis. The pre-bid period runs from 100 days before announcem ent of a 
takeover to  1 day before. The post bid period runs from the announcem ent day 
until the conclusion of the bid.
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Table A .6: Hybrid with exogenous variable

C om pany A R C H G A R C H V olum e A R C H + G A R C H
Pogo Pre 0.000 0.000 0.021 0.000

(0.00) (0.00) (12.80)
Post 0.000 0.000 0.006 0.000

(0.00) (0.00) (1.03)
Louis Dreyfus Pre 0.125 0.000 0.115 0.125

(2.65) (0.00) (7.91)
Post 0.223 0.019 0.002 0.242

(0.76) (0.31) (0.71)
Global Marine Inc Pre 0.022 0.000 0.128 0.022

(0.75) (0.00) (18.60)
Post 0.126 0.000 0.086 0.126

(0.54) (0.00) (1.85)
Ultramar Diamond Pre 0.098 0.000 0.090 0.098
Shamrock

(2.24) (0.00) (6.70)
Post 0.288 0.029 0.017 0.318

(2.16) (0.29) (4.67)
Guilford Pharmas Pre 0.156 0.000 0.084 0.156

(0.00) (0.00) (7.33)
Post 0.155 0.062 0.008 0.217

(1.01) (0.58) (3.68)
Province Healthcare Co Pre 0.052 0.000 0.069 0.052

(0.00) (0.00) (17.15)
Post 0.000 0.011 0.007 0.011

(0.00) (0.60) (4.06)
Mid Atlantic Med Pre 0.115 0.000 0.043 0.115

(3.32) (0.00) (7.23)
Post 0.107 0.000 0.017 0.107

(3.23) (0.00) (6.15)
Trigon Healthcare Inc Pre 0.138 0.708 0.041 0.846

(6.12) (6.03) (1.45)
0.213 0.000 0.000 0.213

(15.01) (0.00) (-39.91)
Advanced Digital Info. Pre 0.369 0.256 0.038 0.624
Corp

(6.26) (3.21) (7.29)
Post 0.094 0.000 0.003 0.094

(1.65) (0.00) (6.24)
Computer Network Tech Pre 0.103 0.000 0.114 0.103
nology

(3.14) (0.00) (11.56)
Post 0.000 0.000 0.026 0.000

(0.00) (0.00) (1.17)
Overture Services Inc Pre 0.168 0.000 0.098 0.168

(4.39) (0.00) (8.15)
Post 0.000 0.000 0.003 0.000

(0.00) (0.00) (0.29)
BTG Pre 0.272 0.505 0.085 0.777

(8.66) (26.87) (7.41)
Post 0.499 0.000 0.085 0.499

(2.45) (0.00) (7.41)
Compaq Computer Corp Pre 0.069 0.000 0.131 0.069

(1.65) (0.00) (19.86)
Post 0.029 0.000 0.166 0.029

(0.89) (0.00) (5.49)
Trane Pre 0.027 0.000 0.032 0.027

(0.93) (0.00) (14.19)
Continued on next page
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T able A .6 — con tin u ed  from  p rev ious page
C om pany A R C H G A R C H V olum e A R C H + G A R C H

Post 0.002 0.016 0.002 0.018
(0.02) (0.26) (3.39)

USF Pre 0.043 0.000 0.061 0.043
(1.22) (0.00) (11.67)

Post 0.001 0.000 0.004 0.001
(0.02) (0.00) (3.47)

Roanoke Electric Steel Pre 0.291 0.006 0.232 0.297
(5.55) (0.13) (10.65)

Post 0.064 0.000 0.050 0.064
(0.65) (0.00) (3.28)

Ackerley Group Pre 0.086 0.000 0.649 0.086
(2.74) (0.00) (12.50)

Post 0.118 0.000 0.084 0.118
(1.23) (0.00) (2.91)

May Department Stores Pre 0.019 0.000 0.060 0.019
(0.74) (0.00) (7.52)

Post 0.000 0.000 0.012 0.000
(0.00) (0.00) (2.87)

Brio Software Pre 0.221 0.000 0.350 0.221
(5.14) (0.00) (15.46)

Post 0.097 0.000 0.016 0.097
(0.90) (0.00) (1.52)

Frontstep Pre 0.238 0.000 0.440 0.238
(5.50) (0.00) (8.75)

Post 0.322 0.000 0.031 0.322
(0.78) (0.00) (0.35)

Metro Information Pre 0.187 0.000 0.194 0.187
(4.71) (0.00) (6.82)

Post 0.000 0.030 0.106 0.030
(0.00) (0.22) (1.97)

GenRad Pre 0.116 0.011 0.306 0.127
(4.64) (2.10) (97.80)

Post 0.206 0.014 -0.066 0.220
(19.05) (53.12) (-0.00)

SCI Systems Pre 0.074 0.000 0.200 0.074
(2.29) (0.00) (18.24)

Post 0.000 0.000 0.263 0.000
(0.00) (0.00) (4.11)

Remedy Pre 0.017 0.000 0.144 0.017
(0.68) (0.00) (14.66)

Post 0.000 0.029 0.060 0.029
(0.00) (0.17) (2.96)

Washington Group Inti Pre 0.025 0.018 0.019 0.043
(1.08) (0.44) (10.94)

Post 0.002 0.000 0.013 0.002
(0.06) (0.00) (3.74)

Engineered Support Sys Pre 0.015 0.000 0.037 0.015
(0.55) (0.00) (16.26)

Post 0.000 0.131 0.002 0.131
(0.00) (75.98) (3.55)

Roadway Pre 0.097 0.000 0.043 0.097
(2.94) (0.00) (6.96)

Post 0.121 0.000 0.001 0.121
(1.09) (0.00) (2.01)

United Dominion Ind. Pre 0.172 0.041 0.183 0.212
(3.61) (1.05) (8.20)

Post 0.000 0.000 -0.020 0.000
(0.00) (0.00) (-2.71)
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T able A .6 — con tin u ed  from  p rev io u s page
C om pany A R C H G A R C H V olum e A R C H + G A R C H

Great Lakes Chemical Pre 0.094 0.000 0.044 0.094
(2.62) (0.00) (8.28)

Post 0.000 0.000 0.034 0.000
(0.00) (0.00) (3.83)

Dow Jones & Co Inc Pre 0.000 0.000 0.017 0.000
(0.00) (0.00) (16.08)

Post 0.103 0.298 0.004 0.401
(1.11) (7.61) (5.58)

Caesars Entertainment Pre 0.152 0.003 0.131 0.155
(2.46) (0.03) (7.48)

Post 0.000 0.000 0.030 0.000
(0.00) (0.00) (8.34)

Anchor Gaming Inc Pre 0.183 0.000 0.069 0.183
(6.13) (0.00) (11.80)

Post 0.000 0.000 0.037 0.000
(0.00) (0.00) (6.42)

Windrose Med. Pre 0.309 0.145 0.016 0.454
(5.01) (2.66) (13.96)

Post 0.000 0.000 4.41E-05 0.000
(0.00) (0.00) (0.08)

Catellus Dev. Pre 0.208 0.000 0.039 0.208
(6.03) (0.00) (9.14)

Post 0.111 0.000 0.003 0.111
(0.86) (0.00) (1.27)

Summit Properties Pre 0.230 0.0241 0.0136 0.254
(6.31) (0.79) (9.060

Post 0.0269 9.97E-07 -1.40E-03 0.027
(0.21) (0.00) (-1.88)

Notes: This table presents the results of equation 6.15 for the hybrid target companies. The 
corresponding t-values are given in parenthesis. The pre-bid period runs from 100 days before 
announcement of a takeover to 1 day before. The post bid period runs from the announcement day 
until the conclusion of the bid.
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T able  A .7; Cross industry model with no exogenous variable

C om pany A R C H G A R C H A R C H + G A R C H
Napster Pre 0.060 0.834 0.894

(2.52) (14.47)
Post 0.183 0.000 0.183

(2.01) (0.00)
Intervoice Pre 0.077 0.653 0.730

(2.40) (5.90)
Post 0.315 0.000 0.315
(0.61) (0.00)

CNET Networks Pre 0.154 0.839 0.993
(5.15) (32.81)

Post 0.006 0.000 0.006
(0.08) (0.00)

First Consulting Pre 0.383 0.167 0.550
(7.02) (1.81)

Post 0.000 0.177 0.178
(0.00) (1.68)

Polymedica Pre 0.049 0.920 0.969
(3.95) (0.92)

Post 0.707 0.000 0.707
(1.81) (0.00)

Microtek Med. Hdg Pre 0.035 0.963 0.998
(4.76) (42.97)

Post 0.000 0.234 0.234
(0.00) (1.89)

Playtex Products Pre 0.179 0.050 0.228
(3.39) (0.31)

Post 0.725 0.000 0.725
(1.99) (0.00)

Option Ccire Pre 0.614 0.138 0.751
(6.24) (1.32)

Post 0.132 0.000 0.132
(0.78) (0.00)

Stride Rite Pre 0.082 0.000 0.082
(2.19) (0.00)

Post 0.735 0.000 0.735
(2.19) (0.00)

Aquantive Pre 0.169 0.721 0.890
(4.55) (13.90)

Post 0.378 0.671 1.049
(2.63) (4.82)

Viasys hither. Pre 0.276 0.539 0.815
(5.58) (8.38)

Post 0.000 0.691 0.691
(0.00) (34.02)

Enpath Medical Pre 0.218 0.293 0.511
(4.37) (2.67)

Post 0.493 0.000 0.493
(1.30) (0.00)

Paxar Pre 0.041 0.958 0.999
(4.40) (118.15)

Post 0.002 0.000 0.002
(0.67) (0.00)

Webex Comms. Pre 0.305 0.339 0.643
(4.49) (1.63)

Post 0.705 0.000 0.705
(1.78) (0.00)

Mapinfo Pre 0.012 0.986 0.998
Continued on next page
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T able A .7 — con tin u ed  from  p rev ious page
C om pany A R C H G A R C H A R C H + G A R C H

(2.69) (184.18)
Post 0.046 0.000 0.046
(5.10) (0.00)

Lesco Pre 0.626 0.151 0.777
(2.37) (3.37)

Post 0.592 0.000 0.592
(2.08) (0.00)

Zevex Intl. Pre 0.523 0.082 0.605
(7.19) (1.28)

Post 0.000 0.000 0.000
(0.00) (0.00)

Cadmus Comms Pre 0.096 0.863 0.959
(10.09) (39.10)

Post 0.624 0.000 0.624
(5.97) (0.00)

At Road Pre 0.191 0.781 0.972
(3.64) (26.84)

Post 0.002 0.058 0.060
(0.03) (0.75)

Essex Pre 0.026 0.968 0.993
(3.64) (11.58)

Post 0.064 0.000 0.064
(0.95) (0.00)

Per-se Techs. Pre 0.108 0.745 0.853
(3.91) (12.06)

Post 0.000 0.000 0.000
(0.00) (0.00)

Centracore Props Tst Pre 0.287 0.283 0.570
(2.53) (0.28)

Post 0.309 0.000 0.309
(1.06) (0.00)

Symbol Techs Pre 0.114 0.565 0.679
(3.06) (4.50)

Post 0.702 0.289 0.991
(3.23) (7.38)

Click Commerce Pre 0.100 0.000 0.100
(2.22) (0.00)

Post 0.043 0.000 0.043
(2.02) (0.00)

Woodhead Inds. Pre 0.159 0.797 0.956
(4.14) (16.98)

Post 0.379 0.000 0.379
(1.06) (0.00)

CFC Intl. Pre 0.109 0.853 0.962
(5.00) (36.47)

Post 0.327 0.464 0.791
(1.47) (5.20)

Sybron Dnl. Spcl. Pre 0.186 0.525 0.710
(3.66) (3.85)

Post 0.000 0.597 0.597
(0.00) (15.35)

Intrado Pre 0.003 0.992 0.995
(3.73) (36.86)

Post 0.828 0.000 0.828
(2.12) (0.00)

Abgenix Pre 0.032 0.949 0.981
(2.36) (39.17)

Post 0.000 0.000 0.000
Continued on next page
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T ab le  A .7 — c o n tin u e d  fro m  p re v io u s  p a g e
C o m p a n y A R C H G A R C H A R C H + G A R C H

(0.00) (0.00)
D & K Hither. Pre 0.000 0.258 0.258

(0 .00) (37.13)
Post 0.624 0.341 0.965

(29.04) (42.65)
T itan Pre 0.946 0.053 0.999

(8.24) (16.03)
Post 0.372 0.000 0.372

(1.72) (0.00)
Cuno Pre 0.070 0.818 0.889

(3.35) (16.48)
Post 0.603 0.000 0.603

(0.92) (0.00)
Total Logistics Pre 0.156 0.773 0.929

(5.95) (23.46)
Post 0.034 0.198 0.232

(0.32) (1.93)
N orstan Pre 0.059 0.917 0.975

(3.29) (33.14)
Post 0.000 0.000 0.000

(0.06) (0.00)
Superior Consultants Pre 0.105 0.875 0.980

(4.28) (30.92)
Post 0.000 0.869 0.869

(0.00) (9.17)
M arketwatch Pre 0.158 0.844 1.002

(22.12) (162.55)
Post 0.727 0.192 0.919

(12.56) (4.78)
New Engl. Bus. Ser. Pre 0.056 0.921 0.977

(6.90) (128.35)
Post 0.000 0.000 0.000

(0.00) (0.00)
Group 1 Software Pre 0.303 0.234 0.537

(4.43) (2.29)
Post 0.485 0.000 0.485

(15.51) (0.00)

Notes: This table presents the results of equation 6.15 for the cross industry target 
companies when ^5 and /Je axe set to  zero. The corresponding t-values are given 
in parenthesis. The pre-bid period runs from 100 days before announcem ent of a 
takeover to 1 day before. The post bid period runs from the announcem ent day 
until the conclusion of the bid.



Appendix 268

T a b l e  A .8: Cross industry with exogenous variable

C om pany A R C H G A R C H V olum e A R C H + G A R C H
Napster Pre 0.054 0.000 0.051 0.054

(3.04) (0.00) (21.96)
Post 0.194 0.034 0.005 0.228

(32.76) (64.15) (9.05)
Intervoice Pre 0.000 0.000 0.098 0.000

(0.00) (0.00) (14.06)
Post 0.016 0.005 0.000 0.021

(2.97) (0.69) (0.01)
CNET Networks Pre 0.000 0.000 0.049 0.000

(0.00) (0.00) (21.89)
Post 0.417 0.000 0.000 0.417

(11.26) (0.00) (3.86)
First Consulting Pre 0.244 0.000 0.050 0.244

(6.80) (0.00) (5.73)
Post 0.000 0.071 0.000 0.071

(0.00) (1.43) (0.69)
Polymedica Pre 0.047 0.000 0.029 0.047

(1.89) (0.00) (13.22)
Post 0.058 0.140 1.83E-04 0.198

(0.65) (12.35) (2.95)
Microtek Med. Hdg Pre 0.059 0.000 0.171 0.059

(2.14) (0.00) (15.05)
Post 0.079 0.000 0.001 0.079

(1.46) (0.00) (1.52)
Playtex Products Pre 0.078 0.000 0.048 0.078

(2.99) (0.00) (19.41)
Post 0.673 0.000 2.33E-04 0.673

(3.10) (0.00) (2.29)
Option Care Pre 0.150 0.000 0.039 0.150

(3.34) (0.00) (23.18)
Post 0.066 0.078 0.001 0.144

(1.10) (1.00) (3.00)
Stride Rite Pre 0.046 0.000 0.050 0.046

(1.45) (0.00) (8.12)
Post 0.189 0.000 0.002 0.189

(8.69) (0.00) (0.19)
Aquantive Pre 0.095 0.000 0.053 0.095

(2.74) (0.00) (15.98)
Post 0.000 0.092 0.001 0.092

(0.00) (4.65) (4.30)
Viasys hither. Pre 0.049 0.000 0.049 0.049

(2.52) (0.00) (10.78)
Post 0.532 0.094 9.36E-05 0.626

(2.42) (1.03) (1.64)
Enpath Medical Pre 0.185 0.059 0.196 0.244

(8.07) (1.77) (21.52)
Post 0.013 0.000 -1.45E-04 0.013

(78.51) (0.00) (-17.86)
Paxar Pre 0.049 0.000 0.040 0.049

(1.18) (0.00) (9.95)
Post 0.027 0.000 3.59E-04 0.027

2.443 (0.00) (9.95)
Webex Comms. Pre 0.022 0.000 0.043 0.022

(2.70) (0.00) (25.33)
Post 0.000 0.009 5.89E-05 0.009

(0.00) (2.06) (3.79)
Mapinfo Pre 0.127 0.000 0.108 0.127

Continued on next page
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T able A .8 — co n tin u ed  from  p rev ious page
C om pany A R C H G A R C H V olum e A R C H + G A R C H

(0.13) (0.00) (10.24)
Post 0.000 0.000 l,llE -04 0.000

(0.00) (0.00) (2,67)
Lesco Pre 0.235 0.016 0,179 0.251

(4.75) (0.76) (11,39)
Post 0.347 0.000 0,001 0,347

(1.33) (0.00) (1,56)
Zevex Intl. Pre 0.137 0.000 0.105 0,137

(4.07) (0.00) (10.58)
Post 0.000 0.058 2.86E-04 0,058

(0.00) (2.41) (2.54)
Cadmus Comms Pre 0.229 0.621 0.035 0,850

(4.32) (5.91) (3.10)
Post 0.388 0,000 1.24E-04 0,388

(1.26) (0.00) (1.25)
At Road Pre 0.079 0.000 0.076 0,079

(2.21) (0.00) (14.59)
Post 0.000 0.000 0.001 0,000

(0.00) (0,00) (1.48)
Essex Pre 0.446 0.180 0,026 0,625

(6.54) (2,40) (5,13)
Post 0.118 0,000 4,67E-04 0,118

(1.10) (0,00) (4.15)
Per-se Techs. Pre 0.148 0.000 0.042 0,148

(3.50) (0.00) (11.18)
Post 0.000 0.000 8.52E-05 0,000

(0.00) (0.00) (3.26)
Centracore Props Tst Pre 0.125 0.000 0.041 0,125

(3.24) (0.00) (7.82)
Post 0.250 0.011 8.04E-05 0.261

(0.91) (0.24) (1.19)
Symbol Techs Pre 0.162 0.000 0.089 0.162

(4.21) (0.00) (10,52)
Post 0.905 0.000 4,04E-04 0.905

(3.02) (0,00) (2,82)
Click Commerce Pre 0.184 0,000 0,080 0.184

(4.25) (0,00) (22,43)
Post 0.000 0.000 -4,51E-05

(0.00) (0.00) (-8.76)
CFC Intl. Pre 0.236 0.724 0.040 0.959

(7.82) (38.43) (6.68)
Post 0.302 0.435 1.27E-04 0.737

(2.43) (7.90) (0.27)
Sybron Dnl. Spcl. Pre 0.085 0.000 0.044 0.085

(2.87) (0.00) (8.82)
Post 0.000 0.000 2.37E-04 0.000

(0.00) (0.00) (8.25)
Intrado Pre 0.053 0.000 0.084 0.053

(28.21) (0.00) (9.99)
Post 0.000 0.000 1.65E-05 0.000

(0.00) (0.00) (22.48)
Abgenix Pre 0.046 0.000 0.069 0.046

(1.73) (0,00) (15.27)
Post 0.000 0.000 2.86E-04 0.000

(0.00) (0,00) (5.90)
D & K Hither. Pre 0.032 0,000 0.044 0.032

(21.38) (0.00) (11.56)
Post 0.000 0.093 0.001 0.093
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T able A .8 — co n tin u ed  from  p rev ious page
C om pany A R C H G A R C H V olum e A R C H + G A R C H

(0.00) (5.87) (3.81)
Titan Pre 0.396 0.000 0.060 0.396

(6.46) (0.00) (22.80)
Post 0.000 0.000 2.48E-04 0.000

(0.00) (0.00) (3.71)
Cuno Pre 0.133 0.632 0.012 0.764

(3.70) (5.14) (1.81)
Post 0.000 0.226 5.10E-05 0.226

(0.00) (29.27) (1.18)
Norstan Pre 0.273 0.074 0.551 0.347

(5.62) (1.00) (6.93)
Post 0.000 0.033 -2.69E-05 0.033

(0.00) (6.63) (-0.78)
Superior Consultants Pre 0.200 0.125 0.752 0.325

(3.91) (1.75) (7.02)
Post 0.022 0.016 0.266 0.038

(1.12) (0.51) (3.88)
New Engl. Bus. Ser. Pre 0.140 0.597 0.024 0.737

(5.03) (98.91) (14.83)
Post 0.147 0.000 0.021 0.147

(87.03) (0.00) (33.25)
Group 1 Software Pre 0.321 0.000 0.186 0.321

(6.37) (0.00) (8.13)
Post 0.626 0.000 l.OlE-04 0.G26

(4,34) (0.00) (1.11)
Notes: This table presents the results of equation 6.15 for the cross industry target companies. 
The corresponding t-values are given in parenthesis. The pre-bid period runs from 100 days before 
announcement of a takeover to 1 day before. The post bid period runs from the announcement day 
until the conclusion of the bid.
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T able  A .9: Cross border model w ith no exogenous variable

C om pany A R C H G A R C H A R C H + G A R C H
Memory Pharmaceuti Pre 0.226 0.419 0.645
cals

(4.97) (5.81)
Post 0.000 0.000 0.000

(0.00) (0.00)
Genelabs Technologies Pre 0.123 0.926 1.049

(8.71) (38.80)
Post 0.000 0.000 0.000

(0.00) (0.00)
Datascope Pre 0.057 0.895 0.952

(2.65) (15.45)
Post 0.659 0.333 0.992

(3.56) (4.00)
Captaris Pre 0.440 0.000 0.440

(7.59) (0.00)
Post 0.259 0.000 0.259

(1.38) (0.00)
Sciele Pharma Pre 0.181 0.323 0.504

(3.79) (2.66)
Post 0.000 0.000 0.000

(0.00) (0.00)
DRS Techs Pre 0.392 0.390 0.782

(5.44) (5.99)
Post 0.934 0.004 0.938

(4.37) (0.33)
Netmanage Pre 0.000 0.026 0.026

(0.00) (0.83)
Post 0.112 0.000 0.112

(0.31) (0.00)
Bntly, Pharms Pre 0.187 0.667 0.853

(4.95) (12.67)
Post 0.000 0.366 0.366

(0.00) (2.06)
Criticare Sys. Pre 0.224 0.410 0.633

(5.23) (5.06)
Post 0.000 0.000 0.000

(0.00) (0.00)
Natrol Pre 0.266 0.627 0.893

(4.61) (7.73)
Post 0.277 0.000 0.277

(2.03) (0.00)
Business Objects Pre 0.124 0.259 0.383

(2.15) (1.59)
Post 0.999 0.000 0.999

(4.57) (0.00)
Applix Pre 0.088 0.798 0.886

(2.50) (17.26)
Post 0.103 0.000 0.103

(0.38) (0.00)
Cost-U-Less Pre 0.192 0.816 1.008

(4.97) (24.35)
Post 0.075 0.000 0.075

(1.08) (0.00)
Gateway Pre 0.059 0.000 0.059

(2.15) (0.00)
Post 0.134 0.000 0.134

(0.75) (0.00)
Continued on next page
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T able A .9 — con tin u ed  from  p rev ious page
C om pany A R C H G A R C H A R C H + G A R C H

Energy East Pre 0.057 0.810 0.867
(2.24) (9.70)

Post 0.113 0.876 0.989
(12.04) (20.12)

IPSCO Pre 0.038 0.867 0.906
(1.99) (11.78)

Post 0.000 0.000 0.000
(0.00) (0.00)

Webmethods Pre 0.004 0.000 0.004
(0.39) (0.00)

Post 0.054 0.000 0.054
(29.03) (0.00)

Dendrite Intl. Pre 0.000 0.026 0.026
(0.00) (0.74)

Post 0.000 0.697 0.697
(0.00) (13.70)

New Plam Excel Real. Pre 0.158 0.561 0.719
Tst.

(62.98) (38.48)
Post 0.148 0.000 0.148

(21.94) (0.00)
Molecular Devices Pre 0.195 0.518 0.713

(3.92) (6.51)
Post 0.906 0.000 0.906

(2.09) (0.00)
W hittier Energy Pre 0.038 0.961 0.998

(3.31) (88.92)
Post 0.000 0.817 0.817

(0.00) (81.22)
Oregon Steel Mills Pre 0.012 0.987 0.999

(2.41) (73.37)
Post 0.027 0.107 0.133

(1-17) (4.24)
Amer. Power Conv. Pre 0.184 0.000 0.184

(2.44) (0.00)
Post 0.825 0.000 0.825

(15.11) (0.00)
Maverick Tube Pre 0.039 0.931 0.969

(1.37) (15.39)
Post 0.205 0.000 0.205
(0.79) (0.00)

Matrixone Pre 0.040 0.955 0.995
(4.15) (87.67)

Post 0.000 0.000 0.000
(0.00) (0.00)

Keyspan Pre 0.037 0.959 0.996
(4.02) (96.24)

Post 0.293 0.620 0.914
(5.45) (20.25)

Lafarge North America Pre 0.103 0.871 0.973
(8.04) (45.10)

Post 0.000 0.000 0.000
(0.00) (0.00)

Gtech Holdings Pre 0.222 0.403 0.626
(2.56) (2.33)

Post 0.119 0.311 0.431
(2.18) (1.76)

Learning Care Pre 0.073 0.926 0.999
Continued on next page
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T ab le  A .9 — c o n tin u e d  fro m  p re v io u s  p a g e
C o m p a n y A R C H G A R C H A R C H + G A R C H

(6.39) (86.35)
Post 0.299 0.000 0.299

(1.61) (0.00)
Spinnaker Exp. Pre 0.276 0.213 0.490

(6.31) (2.12)
Post 0.255 0.122 0.376

(6.02) (0.77)
Reebok Inti Pre 0.033 0.951 0.984

(3.76) (72.21)
Post 0.000 0.000 0.000

(0.00) (0.00)
Tipperary Pre 0.295 0.221 0.516

(4.47) (2.30)
Post 0.000 0.078 0.078

(0.00) (1.94)
Boston Accoustic Pre 0.095 0.729 0.824

(3.07) (13.79)
Post 0.154 0.136 0 290

(1.35) (1.22)
Corixa Pre 0.438 0.000 0.438

(11.66) (0.00)
Post 0.359 0.000 0.359

(1.27) (0.00)
Transkaryotic Pre 0.089 0.000 0.089
Therapies

(2.11) (0.00)
Post 0.910 0.089 0.999

(4.53) (2.68)

Notes: This table presents the results of equation 6.15 for the cross border target 
companies when and 06  are set to  zero. The corresponding t-values are given 
in parenthesis. The pre-bid period runs from 100 days before announcem ent of a 
takeover to  1 day before. The post bid period runs from the announcem ent day 
until the conclusion of the bid.
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T a b l e  A. 10: Cross border with exogenous variable

C om pany A R C H G A R C H Volum e A R C H + G A R C H
Memory Pharmaceuti Pre 0.460 0.082 0.491 0.543
cals

(7.24) (2.22) (8.90)
Post 0.052 0.000 -0.001 0.052

(9.53) (0.00) (-4.35)
Genelabs Technologies Pre 0.301 0.042 0.151 0.343

(6.45) (0.97) (9.43)
Post 0.000 0.101 0.002 0.101

(0.00) (1.46) (2.42)
Datascope Pre 0.102 0.000 0.054 0.102

(2.70) (0.00) (6.83)
Post 0.801 0.193 2.91E-04 0.995

(3.68) (9.65) (0.82)
C apt axis Pre 0.202 0.036 0.052 0.238

(4.54) (0.70) (8.65)
Post 0.062 0.000 0.015 0.062

(0.86) (0.00) (2.73)
Sciele Pharma Pre 0.208 0.064 0.050 0.272

(3.68) (0.95) (6.26)
Post 0.178 0.011 -0.002 0.189

(2.11) (0.96) (-2.66)
DRS Techs Pre 0.093 0.000 0.020 0.093

(7.22) (0.00) (10.95)
Post 0.124 0.000 0.002 0.124

(42.79) (0.00) (18.24)
Netmanage Pre 0.082 0.000 0.247 0.082

(2.57) (0.00) (11.24)
Post 0.000 0.070 0.001 0.070

(0.00) (1.63) (0.97)
Bntly. Pharms Pre 0.031 0.000 0.098 0.031

(1.18) (0.00) (12.96)
Post 0.000 0.063 -4.11E-04 0,063

(0.00) (1.49) (-4.82)
Criticare Sys. Pre 0.178 0.119 0.306 0.297

(4.10) (1.77) (7.88)
Post 0.001 0.000 0.012 0,001

(0.01) (0.00) (2.17)
Natrol Pre 0.293 0.072 0.314 0.365

(5.36) (1.55) (5.97)
Post 0.943 0.000 4.24E-05 0.943

1.482 (0.00) (0.45)
Business Objects Pre 0.087 0.000 0.038 0.087

(6.73) (0.00) (21,27)
Post 0.416 0.032 -8.26E-04 0.448

(6.65) (0.47) (-8.03)
Applix Pre 0.068 0.000 0.102 0.068

(2.16) (0.00) (11.46)
Post 0.000 0.000 4.98E-05 0.000

(0.00) (0.00) (0.57)
Cost-U-Less Pre 0.139 0.000 0.072 0,139

(4.08) (0.00) (15.04)
Post 0.057 0.000 0.001 0,057

(0.97) (0.00) (2.50)
Gateway Pre 0.000 0.000 0.095 0.000

(0.00) (0.00) (15.89)
Post 0.052 0.028 0.002 0.080

(0.51) (15.89) (2.24)
Continued on next page
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T ab le  A .10 — c o n tin u e d  f ro m  p re v io u s  p a g e
C o m p a n y A R C H G A R C H V o lu m e A R C H + G A R C H

Energy E ast Pre 0.051 0.000 0.016 0.051
(1.55) (0.00) (9.06)

Post 0.233 0.045 0.019 0.277
(2.57) (0.61) (8.12)

IPSCO Pre 0.010 0.000 0.070 0.010
(0.37) (0.00) (8.22)

Post 0.000 0.000 0.003 0.000
(0.00) (0.00) (0.68)

W ebmethods Pre 0.031 0.000 0.055 0.031
(1.54) (0.00) (23.82)

Post 0.000 0.006 8.98E-04 0.006
(0.00) (0.78) (3.52)

D endrite Intl. Pre 0.092 0.000 0.076 0.092
(3.13) (0.00) (9.60)

Post 0.000 0.003 5.22E-04 0.003
(0.00) (0.52) (1.69)

New Plam  Excel Real. Pre 0.018 0.000 0.031 0.018
Tst.

(0.60) (0.00) (10.48)
Post 0.358 0.000 8.93E-05 0.358

(4.95) (0.00) (2.33)
Molecular Devices Pre 0.040 0.000 0.054 0.040

(1.10) (0.00) (20.10)
Post 0.205 0.004 9.08E-05 0.209

(6.54) (1.29) (2.56)
W hittier Energy Pre 0.041 0.959 0.003 0.999

(3.95) (102.92) (1.39)
Post 0.118 0.069 1.20E-02 0.187

(2.44) (3.78) (13.81)
Oregon Steel Mills Pre 0.084 0.000 0.026 0.084

(2.77) (0.00) (7.28)
Post 0.000 0.025 4.084E-05 0.025

(0.00) (1.17) (1.09)
Amer. Power Conv. Pre 0.000 0.000 0.063 0.000

(0.00) (0.00) (27.20)
Post 0.000 0.010 3.02E-04 0.010

(0.00) (0.99) (4.37)
Maverick Tube Pre 0.183 0.000 0.016 0.183

(3.88) (0.00) (7.01)
Post 0.209 0.064 7.78E-05 0.272

(0.72) (3.49) (0.99)
M atrixone Pre 0.078 0.000 0.255 0.078

(2.69) (0.00) (14.30)
Post 0.000 0.003 -1.41E-05 0.003

(0.00) (0.79) (-0.71)
Keyspan Pre 0.136 0.007 0.031 0.142

(3.15) (0.07) (9.99)
Post 0.265 0.501 0.001 0.767

(4.62) (2.95) (2.65)
Lafarge N orth America Pre 0.187 0.224 0.048 0.411

(4.35) (2.29) (4.74)
Post 0.000 0.000 3.49E-04 0.000

(0.00) (0.00) (2.83)
Gtech Holdings Pre 0.020 0.000 0.033 0.020

(77.98) (0.00) (47.83)
Post 0.063 0.312 1.02E-03 0.375

(2.25) (46.63) (8.68)
Learning Care Pre 0.121 0.878 0.083 0.999

Continued on next page
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T able A .10 — con tin u ed  from  p rev io u s page
C om pany A R C H G A R C H V olum e A R C H -FG A R C H

(3.60) (29.78) (1.95)
Post 0.229 0.142 3.76E-04 0.371

(1.25) (1.30) (0.59)
Spinnaker Exp. Pre 0.001 0.000 0.044 0.001

(0.29) (0.00) (14.50)
Post 0.005 0.000 0.003 0.005

(0.57) (0.00) (4.15)
Reebok Inti Pre 0.208 0.171 0.020 0.379

(4.66) (2.16) (5.99)
Post 0.298 0.000 4.25E-04 0.298

(1.72) (0.00) (5.48)
Tipperary Pre 0.172 0.048 0.679 0.220

(6.37) (5.61) (12.39)
Post 0.001 0.007 0.003 0.008

(0.00) (0.83) (1.85)
Boston Accoustic Pre 0.106 0.087 0.358 0.194

(3.35) (1.52) (7.09)
Post 0.140 0.079 0.000 0.219

(1.23) (0.95) (-0.51)
Corixa Pre 0.179 0.000 0.150 0.179

(4.17) (0.00) (9.05)
Post 0.243 0.000 0.003 0.243

(1.68) (0.00) (2.43)
Transkaryotic Therapies Pre 0.000 0.000 0.092 0.000

(0.00) (0.00) (19.08)
Post 0.381 0.000 1.47E-03 0.381

(2.48) (0.00) (3.04)

Notes: This table presents the results of equation 6.15 for the cross border target companies. The 
corresponding t-values are given in parenthesis. The pre-bid period runs from 100 days before 
announcement of a takeover to 1 day before. The post bid period runs from the announcement day 
until the conclusion of the bid.
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U nit root tests

T a b l e  A. 11: Unit root tests for sentiment variables

V a ria b le A D F  t - s ta t
Words -22.87**
Negative -35.20**
Positive -36.42**
Wal-Mart Stores R eturns -41.38**

Volume -18.64**
Exxon Mobil R eturns -46.34**

Volume -11.30**
General Motors R eturns -34.16**

Volume -12.81**
Ford M otor R eturns -35.71**

Volume -15.77**
General Electric R eturns -39.93**

Volume -11.67**
Cardinal Health R eturns -38.64**

Volume -22.47**
Conoco Phillips R eturns -41.87**

Volume

**00CO

IBM Returns -39.58**
Volume -15.83**

Hewlett-Packard Returns -40.79**
Volume -20.07**

Home Depot Returns -38.86**
Volume -13.31**

Verizon Comm. Returns -39.41**
Volume -16.76**

M cKesson R eturns -42.27**
Volume -20.68**

ChevronTexaco R eturns -44.57**
Volume -13.14**

Altria Group R eturns -40.60**
Volume -15.48**

Kroger R eturns -44.19**
Volume -17.96**

Valero Energy R eturns -38.01**
Volume -20.30**

Boeing R eturns -40.33**
V'olume -17.07**

AmersourceBergen Returns -43.41**
Volume -26.78**

Pfizer R eturns -39.82**
Volume -16.14**

Proctor & Gamble Returns -43.41**
Volume -15.82**

Notes:The ADF t-s ta t reports the t-sta tistic  for the augm ented 
Dickey-Fuller test where the null hypothesis is th a t the series has 
a unit root. ** indicates this test is rejected a t the 1% level of 
significance w ith critical value -3.43
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Table A . 12: Unit root tests for baseline model

C om pany T otal P re P o st
Racketeer -32.18** -31.78** -50.29**
Lifecell -34.05** -33.50** -94.83**
W J Communications -31.44** -30.70** -17.17**
Bea Systems -34.25** -31.60** -20.24**
Lamson & Session -35.27** -34.42** -107.83**
Arrow Intl. -37.54** -37.06** -39.19**
ACR Group -37.42** -37.25** -98.34**
Lone Star Tech. -31.28** -30.17** -184.83**
Altiris -31.51** -30.86** -95.80**
Tano -36.38** -32.65** -64.14**
Stellent -32.37** -31.41** -95.09**
Maritrans Ptns. -30.96** -29.05** -207.43**
NS Group -33.58** -32.75** -212.92**
Inet. Scty. Sys. -33.30** -32.63** -26.32**
Delta & Pine -39.34** -36.25** -46.16**
Opinion Resh. -37.58** -38.81** -117.43**
Western Gas Res. -32.56** -31.79** -366.35**
Amer. Retirement -32.34** -31.43** -138.18**
Applied Films -31.90** -31.21** -125.45**
Captiva Software -35.62** -34.87** -90.47**
Amnet Mge. -28.78** -27.90** -20.53**
Cyberguard -33.05** -31.45** -10.59**
Vicuron Pharms -33.40** -32.45** -167.03**
Oshkosh B’Gosh -33.06** -32.28** -6.94**
Concord Comms -32.40** -31.74** -165.72**
Closure Medical -29.63** -28.72** -93.59**
Pulitizer -35.01** -33.58** -14.31**
Argosy Gaming -33.47** -30.22** -50.18**
Amer. Med. Secs. Gp. -34.08** -33.19** -52.68**
NUI -34.99** -33.39** -27.72**
Information Hdg. -33.74** -32.05** -21.16**
Novadigm -35.32** -34.63** -101.30**
Eldertrust -30.15** -29.37** -141.59**
Soundview Tech. Gp. -32.56** -32.02** -116.39**
Vixel -33.09** -32.65** -88.94**
Scios -35.15** -34.37** -53.77**
HTE -33.97** -33.52** -347.70**
Inktomi -31.45** -30.54** -68.85**
Meridian -35.88** -34.91** -104.83**
Ivex Packaging -30.61** -29.51** -40.34**
Vidamed Inco. -33.95** -32.57** -158.57**
Gaylord Ctrs. -34.62** -32.52** -13.37**
Triton Energy -32.11** -31.26** -548.52**
Acres Gaming -39.09** -37.54** -11.44**
ADE -32.82** -30.52** -11.91**
Advanced Neuromodulation -30.60** -30.25** -124.17**
Advo -35.87** -32.99** -22.40**
Agile Software -35.94** -35.13** -69.79**
Alderwoods Gp. -36.90** -34.03** -16.74**
Alpharma -33.62** -29.94** -10.63**
Amer. Technical Ceramic -33.63** -32.87** -98.77**
Applebee’s Intl. -34.29** -32.69** -11.99**
Boron LEepore & AS -33.86** -33.57** -124.66**

Notes:The ADF t-stat reports the t-statistic for the augmented Dickey-Fuller test where the 
null hypothesis is that the series has a unit root. ** indicates this test is rejected at the 1% 
level of significance with critical value -3.43
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T a b l e  A. 13: Unit root tests for hybrid model

C o m p a n y T o ta l P r e P o s t
Pogo -32.71** -31.07** -12.04**
Louis Dreyfus N atural Gas -29.52** -28.91** -17.76**
Global Marine Inc -32.14** -31.85** -5.48**
U ltram ar Diamond Shamrock Corp -35.66** -34.15** -15.28**
EP MedSys Inc -38.143** -37.58** -135.33**
Guilford Pharm aceuticals Inc -35.68** -35.02** -34.26**
Province Healthcare Co -36.13** -33.82** -44.65**
Mid Atlantic Med Svcs Inc -35.25** -33.97** -13.20**
Trigon Healthcare Inc -15.69** -31.21** -0.69
Advanced Digital Infon Corp -32.69** -31.32** -34.22**
M acromedia Inc -33.41** -30.92** -13.08**
Com puter Network Technology -34.48** -32.58** -11.44**
Overture Services Inc -32.38** -31.45** -9.17**
BTG -36.83** -36.19** -7.04**
Com paq Com puter Corp -33.73** -32.18** -11.16**
Trane -32.96** -31.93** -31.65**
USF -32.79** -31.96** -14.50**
Roanoke Electric Steel -36.06** -34.13** -14.02**
Ackerley Group -29.88** -27.73** -13.71**
May D epartm ent Stores -35.90** -33.65** -12.55**
Brio Software -34.11** -33.17** -8.01**
Frontstep -30.78** -29.87** -10.74**
M etro Information Services -34.86** -34.83** -26.78**
GenRad -33.16** -32.47** -10.09**
SCI Systems -31.52** -30.33** -8.53**
Remedy -33.85** -33.03** -13.14**
W ashington Group Inti -32.23** -29.77** -17.33**
Engineered Support Systems -32.72** -31.27** -35.45**
Roadway -32.76** -31.28** -65.40**
United Dominion Industries -28.35** -27.72** -7.88**
Great Lakes Chemical Corp -36.14** -35.03** -14.76**
Dow Jones & Co Inc -35.11** -32.51** -28.65**
Caesars Entertainm ent Inc -35.21** -31.87** -9.64**
Anchor Gaming Inc -30.71** -29.19** -9.25**
W indrose Med. Props. Tst. -32.41** -31.67** -16.30**
Catellus Dev. -33.25** -27.72** -14.74**
Summit Properties -31.24** -29.95** -8.13**

NotesiThe ADF t-s ta t reports the t-sta tistic for the  augm ented Dickey-Fuller test where the 
null hypothesis is th a t the series has a unit root. ** indicates this test is rejected a t the 1% 
level of significance w ith critical value -3.43
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T a b l e  A. 14: Unit root tests for share exchange model

C om pany T ota l P re P ost
Exult -34.28** -32.96** -12.23**
Right Man Cnsls. -32.91** -32.43** -13.81**
Brass Eagle -32.00** -31.47** -9.37**
Peoples Energy -35.30 -32.71** -16.16**
Kaneb Pipe. -33.38** -31.10** -22.76**
Varco Intl. Del. -32.52** -30.30** -12.19**
Gulfterra -32.16** -29.25** -13.89**
Fusion Med. Tech. -34.22** -33.43** -33.65**
Heartport -33.99** -32.42** -21.26**
Catalyst Semicon. -34.64** -32.96** -12.89**
Sipex -32.68** -31.40** -11.43**
Documentum -31.48** -30.75** -11.33**
Esher Techs. -33.80** -32.88** -13.21**
Cambdg. Tech. -34.60** -32.85** -11.05**
Intgrtd. Measure. Sys. -34.42** -33.57** -13.28**
Dallas Semi-Conductor -33.46** -32.88** -9.20**
Commonwealth Inds. -35.82** -34.17** -9.97**
Hispanic Beast. -36.16** -30.53** -19.93**
Standard Commercial -31.84** -30.14** - 11.11**
Castle Energy -35.64** -34.29** -9.35**
Horizon Med. Products -37.46** -36.55** -7.24**
Apogent Techs -36.25** -34.62** -10.88**
Corvas Intl. -33.43** -31.64** -13.12**
Duramed Pharms. -30.66** -29.52** -8.44**
Urocor -42.98** -41.33** -9.57**
Amis Hdg. -34.22** -32.71** -12.74**
Pemstar -33.24** -32.41** -12.64**
Mcdata -33.32** -31.55** -12.23**
Maxtor -32.65** -31.34** -18.28**
Veritas Software -35.15** -33.10** -10.22**
Cable Design Techs -35.75** -34.01** -10.12**
ACTV -35.13** -32.21** -14.34**
Avant Corp. -33.85** -32.43** -19.04**
Open Market -29.46** -28.98** -5.49**
Hither. -33.26** -32.62** -10.95**

Notes:The ADF t-stat reports the t-statistic for the augmented Dickey-Fuller test where the 
null hypothesis is that the series has a unit root. ** indicates this test is rejected at the 1% 
level of significance with critical value -3.43
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T a b l e  A. 15: U nit root tests for cross industry  model

C om pany T ota l P re P o st
Napster -32.18** -31.97** -73.29**
Intervoice -33.02** -32.70** -93.52**
CNET Networks -33.69** -33.29** -87.67**
First Consulting -37.29** -36.45** -135.55**
Polymedica -33.47** -32.53** -67.00**
Microtek Med. Hdg -35.46** -34.64** -99.11**
Playtex Products -32.10** -31.65** -30.79**
Option Care -33.86** -33.44** -77.93**
Stride Rite -36.94** -37.39** -181.33**
Aquantive -32.95** -32.69** -144.70**
Viasys hither. -31.27** -31.54** -72.04**
Enpath Medical -30.10** -30.11** -72.66**
Paxar -33.24** -32.59** -34.29**
Webex Comms. -31.88** -31.27** -129.58**
Mapinfo -31.83** -31.52** -364.13**
Lesco -33.12** -32.24** -104.48**
Zevex Intl. -33.27** -32.60** -184.80**
Cadmus Comms -34.57** -34.00** -61.86**
At Road -31.49** -30.78** -18.96**
Essex -33.46** -32.70** -48.24**
Per-se Techs. -33.54** -32.83** -82.11**
Centracore Props Tst -30.91** -29.70** -62.91**
Symbol Techs -32.27** -31.09** -39.26**
Click Commerce -29.11** -28.51** -170.41**
CFC Intl. -40.80** -40.28** -106.05**
Sybron Dnl. Spcl. -34.55** -34.04** -30.56**
Intrado -33.33** -32.57** -90.80**
Abgenix -32.70** -31.75** -146.18**
D & K Hither. -32.15** -31.59** -104.46**
Titan -30.09** -29.49** -11.16**
Cuno -36.69** -36.38** -174.67**
Norstan -36.24** -35.82** -47.51**
Superior Consultants -34.72** -33.88** -7.59**
New Engl. Bus. Ser. -31.43** -30.93** -219.49**
Group 1 Software -31.34** -30.06** -163,77**

Notes:The ADF t-stat reports the t-statistic for the augmented Dickey-Fuller test where the 
null hypothesis is that the series has a unit root. ** indicates this test is rejected at the 1% 
level of significance with critical value -3.43
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Table A . 16: Unit root tests for cross border model

C om pany T otal P re P o st
Memory Pharmaceuticals -31.20** -31.48** -161.23**
Genelabs Technologies -34.10** -34.83** -210.19**
Datascope -37.31** -36.08** -8.39**
Captaris -34.54** -34.24** -22.45**
Datascope -31.23** -29.98** -65.73**
Sciele Pharma -32.33** -31.64** -7.76**
DRS Techs -32.72** -31.03** -10.55**
Netmanage -34.12** -34.21** -155.24**
Bntly. Pharms -32.11** -30.59** -42.92**
Criticare Sys. -36.60** -36.14** -11.54**
Natrol -37.70** -38.56** -218.29**
Business Objects -33.41** -32.48** -17.21**
Applix -32.19** -31.49** -135.77**
Cost-U-Less -31.417** -30.29** -31.00**
Gateway -31.77** -31.18** -60.79**
Energy East -38.44** -32.69** -21.81**
IPSCO -30.11** -29.31** -13.03**
Webmethods -32.83** -32.23** -41.24**
Dendrite Intl. -34.19** -33.52** -67.97**
New Plan Excel -32.00** -30.46** -85.46**
Molecular Devices -32.77** -32.84** -259.23**
W hittier Energy -42.20** -41.26** -77.09**
Oregon Steel Mills -30.82** -30.20** -45.57**
Amer. Power Conv. -32.37** -31.59** -115.00**
Maverick Tube -33.52** -31.810** -187.19**
Matrixone -31.32** -30.52** -91.84**
Keyspan -37.80** -32.04** -24.01**
Lafarge North America -34.85** -34.62** -93.35**
Gtech Holdings -33.77** -31.3790** -11.40**
Learning Care -38.95** -38.37** -68.37**
Spinnaker Exp. -33.94** -32.42** -15.47**
Reebok Inti -32.47** -30.82** -98.64**
Tipperciry -37.02** -35.44** -48.78**
Boston Accoustic -38.37** -37.48** -17.90**
Corixa -36.18** -35.72** -51.80**
Transkaryotic Therapies -32.73** -31.56** -19.37**

Notes:The ADF t-sta t reports the t-statistic for the augmented Dickey-Fuller test where the 
null hypothesis is that the series has a unit root. ** indicates this test is rejected at the 1% 
level of significance with critical value -3.43
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