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ABSTRALT

The main purpose of this thesis is to examine and compare the Mixture of Distributions Hypothesis
versus Autoregressive Conditional Heteroscedasticity (ARCH) models as an explanation for the
distribution of stock retums and the relationship of returns to measures of trading activity. The
conjecture has been made by Lamourcux and Lastrapes. [1990a]. that ARCH modelling of stock returns
does not contribute any information if a variable representing the rate of flow of information is

accounted for in the variance of the stock retum. This thesis directly challenges this conjecture.

Three measures of trading activity, namely, the number of intraday changes in the bid-ask quotes, the
number of daily transa~tions. and the volume of shares traded. are examined and the refationship of
these variables to the variance of stock returns is studied. These variables are used as proxies for the
rate of flow of information about a specific stock and are modelled using both Exponential ARCH.
(EARCH). and Generalized ARCH. (GARCH), models. The data sample consists of daily retumms and
daily wading activity variablc data for twenty securities traded on the Toronto Stock Exchange and

twenty securitics traded on the New York Stock Exchange.

The results of this thesis show that when stock returns are modelled using a GARCH model that the
addition of a trading activity variable in the variance portion of the GARCH model renders the ARCH
components insignificant. However when the more peneral EARCH model is utilized. then both the
ARCH components and the trading activity variable become significant. These results contradict the
results of Lamoureux and Lasirapes and show the limitations of using the GARCH model 1o model
stock returns over an extended period of time. Model selection criteria always select an EARCH model

over 8 GARCH mode! demonstrating the superiority of EARCH modelling.




Concemning the rading aclivity variables. the results of this thesis show that the number of changes in

the inraday quotes for a stock is the best measure for modelling the rate of flow of information about a
specific stock. This conclusion is particularly strong for the Canadian stocks in the sample. The results
on the proper trading activity variable o use is more mixed for the American data although changes in

quotes is still shown to be preferred.

The results of this thesis are important for both modelling volatility of stock returns and for determining
the distribution of stock retumms. An accurate knowledge of the distribution of stock returms is critical

for testing hypotheses concerning stock market variables, especially in an event study setting.

iv
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CHAPTER |

INTRODUCTION

Ll INTRODUCTION TO THESIS

The purpose of the thesis is 10 examine the Mixture of Distributions Hypothesis (MDH) as an
explanation for the relationship between measures of trading activity and the distribution of stock returns
and to compare the MDH against the Autoregressive Conditional Heteroscedasticity (ARCH) effects

observed in stock retums.

Another goal and comtribution of this thesis is to cxamine the role of the trading activity varisbles: (1)
quotes, the number of intraday changes in the bid-ask quotcs. (2) transactions. the number of daily

transactions. and (3) volume, the percentage of shares outstanding which are traded during a day. The
rolc and importance of these variables will be examined in the context of the MDH and ARCH models.

This thesis also cxamines the usefulness of the Exponential Autoregressive Conditional
Heteroscedasticity (EARCH) model versus the simpler but more widely used Generalized Autoregressive

Conditional Heteroscedasticity (GARCH) model.

The results of this thesis will lead 1o a betier understanding of the distribution of stock retums and more
specifically to a better understanding of volatility. Volatility has always been an important variable in
the pricing of derivative sccurities, but since the events of October 1987, volatility has also gained in
importance as a concern of equity investors. As Stoll and Whaley [1991] highlight, ~ volatility affects

the public’s confidence in security markets and ultimately the level of saving and investment in the



economy.” By separating out the GARCH cffects from the MDH of eguity retums, betier inferences

regarding volatility shocks will be possible.

One of the goals of financial rescarchers is 10 describe accurately the distribution of stock retums.
Mandcibrot (1963] and Fama [1965] were among the first (0 demonstrate that siock retums are aot
normally distributed. Mandelbrot proposed that cotton prices are from the stable Parctian class of
distributions. Fama [1963.1965] presents evidence that is consistent with stock prices also being from
the stable Paretian class. Officer [ 1972]. while providing evidence that siock returns are not mwmally

distribused. uncovers evidence which is inconsisient with the stable Parctian hypothesis.

The MDH is a theoretical attempt 10 merge the empirical evidence on trading activity with the empirical
evidence on retum distributions showing non-normality. The MDH. first postulated by Press [ 1967] and
later by Clark [1973), Westerfield [1977) and Harris [1987] among others, states that the retum series
comes from a sct of normal distributions where the ratc of information arrival detcrmines the atual
distribution or. more specifically. the mean and variance of the distribution for a given period is

dependent upon the rate of amval of information for that period.

A different approach is given by Engel [1982] who developed the autoregressive conditional
heteroscedascity (ARCH) model 1o account for the behaviour of retums. ARCH models, as originally
conceived by Engel, are purcly statistical models of cconomic time series without a basis in cconomic
theory. Despite this. ARCH type mode.s have been used very successfully in modelling several types of
financial time series. including equity retumn scries. The ARCH maodel is very similar to the familiar
AR or autoregressive econometric model, the only difference being that instead of the residual error
term itself being lagged and modcelled, the square of the error is lagged and modelied. In this sense, the

ARCH framework allows modelling of the vasiance of the time series.  Various extensions of Engel’s



madel have been proposed 0 acccum for various stylized facts including the GARCH model by
Boliersicv [1986]. and the EARCH model developed by Nelson [1991).

However the question of the distribution of stock returas is stil’ open. In addition, receat theoretical
papers by Admati and Pficiderer [ 1988.1989). Foswer and Viswanathan [1990] and Blume Easicy and
O’Hara [1991]. atsempt 0 cxplain the distribution of returns and trading activity in terms of the patieras
of arrival of information 10 the stock markets. In this manncr. volume and the number of iransactions

also become important variables in the theorctical liscratre on the distribution of stock returns.

Aucmpting 2 partial solution 1o the problem. Lamourcux and Lastrapes [1990n] (LL) tested the GARCH
model of Bollersiev [1986) in the context of the mixture of distributions model, using volume as the
mixing variable. They conclude that no ARCH effects exist when coniemporancous volume is used as &
mixing variable.

While it has been confirmed in several studies that stock rewrns follow an ARCH type process, it can
aiso be casily confirmed that daily volume follows an ARCH type process as well. ARCH tests show
significant ARCH effects for daily trading volume for both indices and individual securities. Therefore,
it can be hypothesized that both returns and volume are being driven by the same mixing variable, »
point which was first made by Press [1967]. Press hypothesized that the number of changes in the
equilibrium price was the mixing variable for both the return series and for the volume series. This
hypothesis. combined with other theoretical models of Tauchen and Pitts [1983) and Karpoff [1987),
which show that volume and returns are related, along with empirical work on ARCH models by Pagan
and Schwert (1991], raises serious questions about the specification and conclusions of the LL model
and tests. If the carlier studics and hypotheses are correct, then the LL's model is seriously flawed in
that retums and volume are contemporaneously related and a simultaneity bias of undetermined effect is
present. a problem of which Lamoureux and Lastrapes are aware.




Since volume also follows an ARCH process. and volume 1s closely related 10 retums, then it is quite
possible that the volume variable in the LL model is mercly acting as a substitute for the previously
well documeated ARCH effects of returns.  This hypothesis. if true. invalidates LL s conclusion that

retums do aot follow an ARCH process.

In a later paper, LL [1990b] demonstrate that the GARCH model is sewsitive t0 detcrministic structural
changes that arc not specified. When an cxtended time serics of retums is being analyzed such
structural changes are likely 10 aocur, bringing into question the use of GARCH modelling for testing
the MDH. The results of Lamourcux and Lastrapes [ 1990a] are consistent with the fact that the
GARCH model cannot accurately model oscillatory shifts in volatility. The EARCH maodel however
does mot possess this limitation. In this sease then, the GARCH model of LL [199(a), with volume in
the volatility equation, may be acting as a substitmc EARCH process. where volume is acting as a proxy
for the EARCH process. This can be wesied by using the EARCH model directly.

A contribution of this thesis is 10 extend the work of LL by utilizing the EARCH model of Nelson
[1991] which overcomes many of the limitations of the LL model. Several nesied EARCH models will
be developed and tesied uiilizing trading volume, the number of changes in mean of bid and ask quotes,
and the number of transactions as variables. By wtilizing several different trading activity vasiables or
proxies for the rate of flow of information, the simultancity problem inherent in the LL study can be
reduced, or al least examined under different contexts. The EARCH framework will allow direct testing
of the LL model against the theoretical model of Press {1967},

The results will shed light on the validity of the mixture of distributions hypothesis, and give insight
imo the best specification of the mixing variable. An improved understanding of the relationship of

trading activity to stock returns and the operation of a securitics market is an important by-product of



this study. With the current high level of investor concern over market volarility, the results of this

thesis are especially germane (0 stock exchange operators and regulators.

The question of the proper mixing variable is important 10 the distinguishing between volatility and
trading activity being generated by information traders, or being generated by noise traders. Press
[1967) suggests the mixing variable is the number of cvents that cause price changes, while Harris
[1987)] suggests using the aumber of transactions as mixing variable. In an efficient market framework,
the equilibrium price should only change when new information is available. However, it is quite
possible 10 coaceive of transactions occutring cven in the absence of new information. Thus it is
suspected that the number of intraday equilibrium price changes would be a better proxy for the flow of
information than the number of transactions. If so, the number of intraday equilibrium price changes,
proxied by the number of intraday changes in the quotes, would be a better mixing variable than the
number of daily transactions. The results of this thesis will help to resolve the issue of what the proper

mixing variable should be.

Another by-product of this study will be a better understanding of the distribution of trading activity. A
better understanding of the distribution of returns, and the role of trading activity variables, is critical for
testing hypotheses conceming stock market variables, especially in an event study setting. Schwert and
Seguin [1990] highlight problems of tests that do not take stock return heteroscedasticity into account.
For exampie, Morgan and Morgan [1987] examine the small firm effect utilizing a GARCH framework.
They find that with the GARCH model, test statistics are greatly improved and that the small firm
results are strengthened. A major contribution of this study will be to improve further such inference

tests and studies.

Three main hypotheses are tested in this thesis. The first hypothesis tests for misspecification in the LL
model. The hypothesis examines whether or not coefficients on lagged squared residual efror terms are



significant in an EARCH model even when thee is a rading activity variable also presen: i the
variance equation. The second hypothesis tests for the significance of the rading activity variable and
dewermines the proper rading activity variable to wtilize. The third hypothesis tesis for the superiority of

the EARCH model over the more widely used GARCH model,

12 SUMMARY OF INTRODUCTION

In summary. the contributions of this thesis are:

(1) to compare directly the MDH versus ARCH models,

(2) to provide insight into the roie of trading activity variables and how they fit into the correct
specifications of the MDH or ARCH type models,

(3) to demonstrate the usefulness of using the advanced EARCH modetl over the simpler and more
widely used GARCH models.

(4) 1o re-examine the results and conclusions of the LL study. and,

(5) to advance the debate on the distribution of stock retums and as a result, improve inferences in
which heteroscedasticity may play a role.

The primary results of this thesis arc:

(1) The lagged squared residual ervor terms do add information about the variance of equity terms cven
when 2 trading activity variable is present in the variance equation and accounted fur. Thus both
MDH and ARCH effects are present simuitancously. This result contradicts the conclusions of LL.

(2) The wrading activity variables quotes and volume are significant with quotes appearing to be the
preferred variable. The significance of the ransactions variable is doubtful.

(3) For long time series, the EARCH modet is superior to the GARCH models for modelling equity

returns. For short time series the GARCH model may be superior.



Chapter two of this thesis provides a literature review of the relevant background material. Chapter
three discusses the LL paper which forms the stanting point fos the suhseguent models and hypotheses
which are presented in chapier four. The data is discussed in chapter five. The resvlts and conclusioas

are presented and discussed in chapier six. Chapler seven gives a summary of the thesis.



CHAPTER 2
REVIEW OF RELEVANT LITERATURE

1.1 DISTRIBUTION OF RETURNS

Early theorics on the distribution of stack price changes postulated that retums follow a random walk.
Bachelier {1900}, and latcr Osbome ([ 1959] developed the theoretical basis for such a hypothesis. In this
hypothesis, it is assumed that price changes ase independent, identically distributed random variables
from transaction to transaction. If a finite variance for the serics is assumed, and the number of
transactions in any period is large. then the central limit theorem implies that the series of retumns

measured over a given period of time will follow a normal distribution.

Kendall (1953) and Moore [1962] provided empirical suppont for the hypothesis. However, the
empirical studies of both Moore and Kendall find evidence that the distributions are leptokurtic relative

to a normal distribution.

These discrepancies compelled Mandelbrot [1963] to propose the class of distributions known as the
stable Paretian. The normal distribution is a special subset of the stable Paretian class. What
distinguishes the normal distribution is the existence of a finite variance in the series in question. All
other distributions in the stable Paretian class have infinite variance. Fama and Roll [1968,1971]
provide a review of the properties of the stable Paretian distribution as well as the algorithms for

estimation of its parameters.



Fama [1963,1965) models stock market data to sce whether they fit betier with Mandelbrot’s stable
Parctian distribution or with the normal distribution.  Afier exiensive testing, Fama concludes that the

data fit the stable Parctian class best.

Officer [1972], conducts further cxamination of stock market retums and concludes that while the resarn
diswribution is best described by the symmctric stable class of distributions, there is also ample cvideace
against the hypothesis of stable distributions. Officer suggested that the scarch continue for an analytic
diswibution function that has a finitc sccond moment for the distribution of returns.  Thus the best that

can be said is that stock returns are not normal, but the debate about a stable or non-stable class of

istribetions is aot finished

1.2 MIXTURE OF DISTRIBUTIONS HYPOTHESIS (MDH)

The early work on the distribution of returns led to the development of the MDH. The MDH is an
attempt 10 merge the empirical evidence on trading activity with the empirical evidence on retum
distributions showing non-lincarity. The MDH, first postulated by Press [1967] and later by Clark
[1973]. Wesiterficld [1977] and Harris [1987] among others, states that the retum series comes from a
set of normal distributions where the rate of astival of information determines the actual distribution, i.c.

the variance.

Kon [1984] provides a review of stock retum models and various forms of the MDH.

Press’s notation is shown in equation {2.1).
where: Z(t) = the natural logarithm of price,
C = Z(0) and is assumed to be known,



bl
(21 ZH=C+Y Y, X0
&el

Y, = asequence of mutually independent random variables normally distributed as
N@.o%).

7t) = arandom variable which represents the number of random cvents that cause price
changes in time period (1), and

X(v) is 2 Markov error term which is independent of n(t) and Y, and is distributed
NO.5*,(1)).

In this model, Z(t) will be normally distributed as;

[22) 2(0-MOn($),03n(0)

and (1) is called the mixing variable or sometimes the directing variable. The proxy for this vasiable
and the assumptions about its distribution have been the focus of several studies. The MDH can explain
the leptokurtic behaviour of returns, and is intuitively appealing. 1t makes sense that the market behaves
differently during periods of peak activity from lull periods. Akhough Officer’s [1972] siudy showed
stability of the standard devial' a of retums, thus contradicting Press’s hypothesis, the MDH has
remained a popular explanation for describing the distribution of stock returns.

Variations of the MDH include time deformation models in which returns are considered 0 be
distributed normally in economic time, rather than in calendar time. An example of this model is given
by Poon [1989] who frames his model in an ARCH framework. The intuition behind Poon’s model
(and all MDH models), is that returns evolve in economic time, which in turn is dependent on the flow
of information. If an event occurs such that information flows rapidly to the market, then economic

time moves faster. Thus comparing a time period in which there is liltle information flow, to a time



11

peniod with much greater information flow, is analogous 10 comparing monthly retums 10 daily remms.

There remains the question of what 10 use as the mixing variable, 7. the variable for the rae of flow of
information. Press [1967] hypothesizes that 1, is the number of events causing price changes and is
distributed as 2 Poisson process.  More recently, Haris (1987] develops a MDH model in which i. is
postulated that 1), is the number of transactions. Lamourcux and Lastrapes [1990a] (LL), implicitly
assume that volume itself is the mixing variable as they use volume as a proxy for the number of
intraday price changes in a MDH type framework. The psoblem is, of course, that the rae of flow of

information is unobservable and tiws the question can only be answered empirically.

11.3 ARCH EFFECTS IN RETURNS

A more recent line of rescarch has been (0 examine new econometric models to accoumt for
heteroscedasticity in stock returns. Engel {1982] proposed the autoregressive conditional
heteroscedasticity (ARCH) mode! as a suitable framework for modelling the distribution of economic
time serics. The ARCH model, and the later extensions of it, is a time series technique. Since its
introduction, the ARCH framework and cxtensions of it have been successfully and widely utilized in
financial modelling. Bollersiev, Chou and Kroner (1992] provide a review of the use of ARCH
applications in finance. The ARCH model. as first proposed by Engel, is shown in equation (2.3].

[2.3a) &,=y,-x,b

l2'3b] .' l 'f-l 'm.h)



12
[ ]
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where:

Y. = the dependemt variable,

x, = the set of independent variables,
= the set of regression paramelerss,

y, = the information set at time t. and

O, = parameters to be estimated.

In this framework, the variance is allowed to be time-varying. Time varying components of the
variance can be incorporated into the a, term. For this reason, the ARCH framework is well suited for

modelling time series with a changing variance.

The ARCH model and the MDH can, of course, be compatible. For example, and as already discussed,
Poon {1989]) modelied the MDH in an ARCH framework. By setting part of the o, term equal 10 the
MDH mixing variablc, one can set the MDH in an ARCH framework. If the MDH mixing variable is
the only determinate of the variance, then all a, = 0. for i > (). The MDH, as formulated by Press
[1967] does not emphatically exclude other factors from also affecting the variance. The comect and

exact specification is an empirical question which this thesis addrsses.

Early studies utilizing the simple ARCH model frequently uncovered a long lag process in the variance
equation, that is a large value for q. To allow for more parsimonious modelling, Bollersiev | 1986}
developed the Generalized ARCH model (GARCH). Bollerslev’s model is shown in equation 2.4},

[24b] e, i¥,-1 "N(O.lk)
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124a) =y, -x'b
2.4c L) I
124c] h.'-.*}: st 0 PA,
o1 ™l
where:

y, = the dependent variabie,

x, = the set of independent variables,
b = the set of regression parameters.,
vy, = the information set at time 1, and

a = parameiers 10 be estimated.

In both the Engel and the Bollersicv models. there are restrictions on the parameter coefficients in the

variance equation. More specifically, the restrictions are:

pP20. >0, 0,>0, 20 fori=l..q

and B.20 fori=1....p

Because of these restrictions, the ARCH and GARCH models cannot possibly model a series in which
the variance shifts directions several times. For modelling over a short period of time, a one time shock
to the variance poses no problem. However. in modelling a longer time series, this becomes a major

To overcome these limitations and to allow for the modetling of some well documented empirical facts,

Nelson [1991] proposed an extension of the ARCH model called Exponential Autoregressive



Conditional Heteroscedascity (EARCH). The EARCH model as proposed by Nelson is shown in

equation {2.5).

[2.5a)

[2.50])

[2.5¢c]

The function g(Z,) allows for asymmetric relationships with regard 10 past shocks (o volatility. The

&‘“—l ’“3 *e,

1e + o9 L9
(Qe9, L9 L oZ.)

l"’bm"u -A,L---A L%

8Z)=6Z,+v(|Z,|-E|IZ,)

(R +in(l ow

Z0,'(R-a-BR, ,-co})

= the daily index return,

= the number of preceding non-trading days.
= the lag operator,

= the expectations operator,

= the normalized rsiduals, and

N m - PR

¥, A.0. 7. 0.8 a. b, and c are parameters (0 be estimated.

overall variance relation, [2.5b], is a non-lincar function of past values of g(Z,).

Nelson applies his framework o CRSP value weighted index retumns over the period July 1962 w

December 1987, and finds that the fit of the model ... scems remarkably good.” There are several

14

advantages to using the EARCH framework over the carlier ARCH typs frameworks. These advantages
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are; (1) the “g" function allows for asymmetric relationships anong the variables in the variance
reiation, (2) the constraints on the parameters of the model are reduced. (3) oscilimory behaviour of the
variance is allowed, (4) it provides an casicr method 10 cvalusic the persisieace of shocks 10 variance,
and (5) assumptions about the underiying distribution are relaxed by utilizing the Generalized Ervor

Distribution (GED).

Pagan and Schwert [1990], compare the cffectivencss of scveral models of monthly stock retums,
including ARCH. GARCH and EARCH, and conclude that among the parametric models. EARCH
works best. They atiribute the improved cxplanatory power 10 the ability of the EARCH model to
reflect the asymmetric relationship between volatility aad past retams that was first observed by Black
11976).

Hsich (1989). modeis daily foreign exchange rates and concludes that EARCH models provide slightly
better fit than GARCH modeis. A significant finding of Hsich is that by using EARCH models, onc can
show for forcign exchange data that variances arc not integrated and thus that unconditional variances
are finite. This is gencrally not the case for GARCH models as for cxample in the LL study. The
apparent ability of the EARCH model to avoid models with integrated variances is potentially important
for studies which atiempt t0 examine a structural break in variances. If the model empioyed
consistently results in integrated vasiances, then such studics will be indeterminate and unfruitful.
Intuitively. it is hard (0 ascertain exactly what an indeterminate or infinite unconditional variance really

In contrast 10 Hsich [1989] and Pagan and Schwert [1990], Day and Lewis {1992], in studying weekly
index retums, provide evidence that GARCH models may have slightly superior forecasts of volatility
than EARCH models. 1t is not clear what the effect of the frequency of th Jata is on whether or not
EARCH is superior to GARCH or vice-versa. However, it is suspected that the higher the frequency of
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the data. the more suitable the EARCH mode! would be since the EARCH model allows for divectionad

shifts in the variance which are more likely 10 be found in high frequency data.
The most approprisse form of ARCH model 10 use is still an open question in the finance liserasare.
This stady contributes 10 the debate.

H4 TRADING ACTIVITY VARIABLES

Teating activity variables examined in this study include volume. (defined as the percentage of
outstanding shares traded in any given period), rumber of transactions in a day and the number of daily
changes in the mean of the bid-ask spread, (which is given the variable name "quotes™). In both the
MDH and the ARCH models. it appears that trading activity plays a central role in the distribution of
returms. An important contribution of this thesis is a better understanding of the rolc of volume and
other wrading activity variables, and the information that can be gathered from the siatistics of these

variables.

Measures of trading activity such as volume or namber of transactins are often mentioned but rarely
studied. The lack »f studies on volume in particular has been aributed 10 both a lack of data and the
common assumption of homogenous investors (Karpolf [1987]). However interest in volume has
recently increased in connection with studies testing technical trading rules, for example Blumne, Ensley
and O’Hara [1991).

The set of empirical studies on trading activity can be divided into those that cxanine (1) intraday

patterns, (2) intraweek patterns. (3) scasonal patterns, and (4) bursts of trading activity.
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Intraday petterns were first studied by Cootner [1964) and more recently by Amibud and Meadelison
{1987]. Mulhcria and Gerety [ 1988). and Jain and Joh [1988). All of these studies find a significant
“U" shaped paticrn throughout the day with volume high both carly and lase in the wrading day.

Both Multherin and Gerety [1988] and Jain and Joh [1988] find a strong intraweek patiern with volume
being low on Monday, increasing twough 10 Wednesday. and then declining through o Friday.

As for a seasonal pattern. Cootner [ 1964] finds that volume is high at the tumn of the year, declines
thwough the summer and rises in the fall. This finding is supporied by Lakonishok and Smic {1984).

Amnccdotal evidence suggests that trading tends 10 occur in bursts.  Studies by Osborne [1964). Granger
and Morgenstem (1970} and Morse | 1980] confirm this finding. Clustering of peaks ia the volume time
serics is significant since it suggests the use of an ARCH model whenever volume or transactions are
modelled. ARCH testing of the volume and transactions series in this thesis confirms that the two series
do indeed conform to an ARCH process. A daily series constructed by examining the number of
changes in the bid-ask quotes for individual stocks also follows an ARCH process. The fact that all
three of these trading activity variables exhibit ARCH characteristics implies that information flows 0

the market in bursts and/or trading generates trading.

IS THE RELATIONSHIP OF VOLUME TO RETURNS

The impetus for studying the relationship of volume 10 returns comes from two familiar Wall Street

adages: (1) it takes volume to move prices. and (2) volume is higher in bull markets than in dear
maskets. The literature in this area is quite well developed and is reviewed in Karpoff (1987). The



18
empirical studics focus on the relationship of; (1) volume 10 the absolute value of returms, and (2)

volume o returmns per se.

The bulk of the evidence seems 10 support a positive simultancous relationship betweea volume and the
absolute value of retums.  Yiag [1966). Crouch (1970) . Epps and Epps [1976]. Wood. Mcinish and Ovd
[1985] and Jain and Joh [1986) all support a positive sismultancous relationship. confinning the adage
that it takes volume 10 move prices. The only known dissenting study is tat of Godfiey, Granger and
Morgeastern [1964] who do not find evidence of a relationship between the two variables.

The evidence for a relationship between volume and returns per se is much more ambiguous.  Ying
{1966]. Epps [1977). Rogalski [1978] and Jain and Joh [ 1986], all find cvidence of a positive
relationship between volume and returns per se. Studics which do not find a relationship include
Godirey, Granger and Morgensiern [1964], James and Edmister | 1983) and Wood Mclnish and Ord
(198S].

To account for buth the volume versus retum relationship and the volume versus absolute value of
return relationship, Kaspoff [1987]. proposes an asymmetric volume-price change relation. Kaspolf
bases his model on costly shon sclling constraints which limit the panticipauon of traders on the
"downside" vis & vis the "upside” movement of a stock’s price. Karpofl thus hypothesizes that volume
is related 10 both positive and negative returns, but the slope of the relationship is greater for positive
retwns. In this way. empirical studies will find both a relationship between volume and the absolule

value of retums and between volume and returns per se.

Epps [1975) provides a different explanation for the same effects based upon behaviourial differences in
the actions of "bulls” and "bears”. In his model, Epps hypothesizes that interpretations of new

information tends to reinforce existing opinions. Howcever, "good news”, tends to be more reinforcing
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than “bad news”. and thus the siope of the relationship between volume and returas is sieeper for

positive retarns than it is for negativ. retums.

Hs$ VOLUME AND RETURN VOLATILITY

Granger and Morgenstern [ 1970} were among the first (0 examine the relatinnship between volume and
return volatility. Using interday highs and lows in stock prices as their measure of retumn volatility, they
find a positive relationship with volume. Epps and Epps [1976] demor.irate that volume has
cxplanatory power in a regression of return volatility on comtemporancous volume. Finally. Rogalski
[1978] cxamined the causality between returns and volume., showing that they are related but
contemporancous. He concludes however that volume can be used to predict the volatility of price

changes.

Tauchen and Pius (1983] construct a model of the market 10 cxamine the cffects of a changing number
of traders in a sccurity. From their theory, they develop a joint likelihood function of price variability
and volume. Their model, and an empirical cxamination of the T-bill futures market, shows that with
the number of traders fixed, the daily price change is leplokustic and the square of the daily price
change is positively related to trading volume. From their model, a MDH model, identical in structure
1o Press [1967] evolves, in which both price and volume series are drawn from a mixture of normals

with the mixing variable being the number of equilibrium price changes.

Gallant, Rossi. Tauchen and Pitts [ 1990]. study the co-movement of retums and volume in an ARCh
framework. They uncover four empirical regularities. They are; "(1) there is a positive correlation
between conditional volatility and volume, (2) large price movements are followed by high volume, (3)
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conditioning on lagged volume substantially aticouaies the “leverage” effect, and (4) after conditioning
on lagged volume. there is a positive risk / retum relation.”

.7 SUMMARY OF LITERATURE

There appears 10 be agreement that the distribution of stock retums is not normal and that volume and
returns are somchow related. Both retumns and volume seem w exhibit ARCH type distnibution effects.
Two models. not necessarily competing. arc proposed 10 explain the empirical findings; the mixture of
distributions hypothesis and the ARCH model and its extensions. As will be discussed in the next

chapeer. LL propose that modelling retums in the MDH framewark with volume as the mixing variable

is superior 0 the straight ARCH modeiling of returns.

Knowledge of the distribution of retums. and the role of trading activity, is important for many reasons
but primarily for use in conducting event studies, especially those that atiempt to quantify an amoumt of
information. More specifically. current investor concem about excess market volatility justifics further

studies into retum variance characteristics.

Due to the richiess of the data available for this study. it is possible to examine other measures of
trading activity, namely the number of changes in the bid-ask quotes and the number of transactions in a
day. Intuitively and theoretically. these are important variables (o examine in the context of studying
the distribution of stock retums. However these variables have received scant attention in the empirical

literature. This thesis addresses this shortfall of the current literature.
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THE LAMOUREUX AND LASTRAPES [19%a) STUDY

BL1 THE LAMOUREUX AND LASTRAPES [19%8a) (LL) STUDY AND FINDINGS

Systhesizing peevious rescarch results, LL tic together autorcgressive conditional hetcroscedasticity
(ARCH) modelling of returns, the relationship of returns 10 volume. and the Mixture of Distributions
Hypothesis (MDH). They test empirically the notion, first suggested by Dicbold [1986], Gallant, Hsich,
and Tauchen (1988] and Stock [1987,1988) that the ARCH process is capturing the time series
properties of the mixing variable of the MDH.

LL fit the following Generalized Autoregressive Heteroscedasticity (GARCH) model, an exsension of
the ARCH model developed by Bollerslev [1986). LL's adaptation is shown in equation [3.1].

{3.1a) R=p, .+e,
[3.1b) s, l(s, 18, 5 )~-NOA)
3.1c] hougeu e, vah,  suV,

where R, = the daily stock retum,
B, = the average daily stock retumn, (LL set p, = 0),
V, = the daily volume, and

@, are parameters 10 be estimated.

LL let 8, denote the ith intraday equilibrium price increment in day t. which implies that
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where ¢, s the residual term in cquation (3.1a). and

7, s the number of changes in intraday equilibrium price.

LL state that 1), the unobservable number of changes in intraday equilibrium price, is the mixing
variable which represents the stochastic rate at which information flows into the market. The model is
thus cunsistemt with the earlicr models of the MDH. LL use daily volume as a proxy for the mixing

variable 1,.

For their sample, LL. examined twenty actively traded stocks which also had options traded on the
CBOE. Their source for returns was the CRSP data base and they used Standard and Poor’s Daily
Stock Price Records te gather the volume data.

When they used a simple GARCH model, (equation [3.1) but without the volume term included in
equation {3.1c]), LL found that at least one of the GARCH parameters, (i.c. either a, or o) were
siatistically significant at the S percent level. They conclude that by itself, the GARCH model can
adequately model stock returns. With the simple GARCH model they also find that the average sum of
o, and o, terms is 0.728.

The results were quile different when they included the volume term in the model. The cuefficient a,
was only significant at the S percent level four times out of twenty and the coefficient a, was not
significant for any of the twenty stocks. However the coefficient on the volume term, &, was

significant in all twenty cases. In addition the average sum of a, and a,. was now only 0.073.




Thus whea the volume term is excluded from the vaniance cquation, pasameters &, and a, are both
significant. LL also find .uat the sum of a, and @, is closer 10 one than it is when the volume term is

included. When o, + @, = 1, thea the variances are said to be integrated and the uaconditional variance
will be infinite. As will be discussed shortly, the finding of intcgrated variances is a common problem

encountered with GARCH models.

When the volume term is included, both a;, and @, arc insignificant while o, is significant and positive.
In addition, the sum of a, and a, is greatly reduced. LL conclude that ARCH effects in retums are a
result of a dependence on the rate of arrival of information which can be proxied by volume. In effect,
they provide evidence for the MDH with volume as the mixing vasiable and no other variabie affecting
the variance. LL suggest that, "lagged squared residuals contribute little if any additional information
about the variance of the stock return process after accounting for the rate of information flow as

measured by contemporancous volume.”

12 LIMITATIONS OF THE LL STUDY

There exist several limitations of the LL study. To begin with, LL utilize the GARCH framework of
Bolicrsiev [1985]. As highlighted by Nelson [1991], and Pagan and Schwent [1991], the GARCH model
will be inferior to the EARCH model Jdue to the fact that the GARCH model cannot model oscillatory
behaviour in the volatility due to parameter restrictions. In light of this, it is quite possible that the
volume variable is simply a method 10 overcome the constraints of the GARCH model. In fact, it is
likely that volume itself follows an EARCH process. thus supplanting ARCH effects of returns in the
LL framework.
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A second problem concems the LL findings of an integrated variance with the plain GARCH model.
When Hsich [1989] modelled forcign exchange rates with a GARCH process. he found the variances
were intcgrated whereas the vasiances were not intcgrated when modelled with :  SARCH model. If a
GARCH model, with volume included as an exogenous variable in the variance equation was in effect a
substituee for a8 EARCH process, with the volume variable accounting for the EARCH cffects, then the
resubts of LL would be consistent with the results of Hsich conceming integrated vatiances.

A third major potential problem with the LL model has 1 do with a possible simsltancity bias between
contemporanecous volume and returns.  As Press [1967] originally proposed, (see also Tauchen and Pists
{1983)), volume and price change are hypothesized 10 be a joint random function of information flow.
LL siae, "if this specification is correct, our estimation is subject 10 an unquantified specification bias.”
The review by Karpoff [1987], suggests that empisically such a relationship does exist. LL note that if
volume is not exogenous, then any study that regresses volatility on volume will be subject 10 a

Other variables for use in testing the mixture of distributions hypothesis seem 10 be more approprisic
than volume. The original model of Press [1967), suggests using the number of daily changes in the
equilibriurn price or, by extension, the number of daily changes in the mean of the bid and ask. (Blume
and Stambaugh [1983] suggest the use of the mean of the bid and ask as an accuraie estimate of the
true equilibrium price. Sce also Roll [1984].) The model of Harris [1987) suggests the use of the
number of transactions as the mixing variable. In MDH models, including the model of LL, %, is the
rate &t which information flows to the market. Since this variable is unobservable, it 1s an empirical
issue which variable is the best proxy. It is possible to have trading volume without information due 0
liquidity reasons. However if there is information, then the Efficient Markets Hypothesis implies that
there will be a change in equilibrium prices. Thus, it can be argued that changes in equilibrium price

means there is a flow of information.



i1l3 SUMMARY OF LL PAPER

The LL paper ties together the MDH and the ARCH models in finance. LL utilize a GARCH
framework and add an additional variance term for the rate of information flow, proxied by the volume.
They find that ARCH effects disappear when the additional variance term for rate of information flow is
included. They concluJde that ARCH models do not improve mod:! fit for equity rewumns once the rate

of information flow is properly accounted for.

The LL findings are significant and interesting because they:
(1) provide support for the MDH,

(2) motivaie the usc of trading activity variablcs. and,

(3) shed more information on the usc of ARCH modelling of equity returns.

The major drawbacks of the LL study are:
(1) the use of the GARCH model and thus all of its limitations, and,
(2) the questionable use of volume as a proxy for the rate of information flow.

Because of the historical and theoretical importance of the debate over the MDH, the current populasity
of ARCH models. and the concern over volatility in financial markets, this thesis will extend the model

of LL in a more rigorous and appropriate manner and test in more detail the specification of the MDH.



CHAPTER 4

ARCH MODELS AND TESTABLE HYPOTHESES

IV.1 THE GENERAL MODEL

Several models are examined in this study. The equations for all the models are presented togethes for

reference purposes in Exhibit |.

The general model 10 be tesied is a direct extension of the LL model. However in this study. the basic
model to be utilized is the EARCH model in place of the GARCH model used by LL. More

specifically. the mode] is as follows:

(4.1a) &qo%_,wzog'
(1+% L+-+P LY
[4.1b] =g + !
“0'2) 8, (l-A'L‘----A'L’)‘(z'_I)
[4.1c] &,=a +In(1+8u,+fm)
[4.1d}) 8(2)=8Z,+v(|Z,|-E|Z,))
[4.1¢] Z=0;'s,

where R, = the daily retum,
n, = the mixing variable,

u, = the number of days non-trading.




E = the expectations operaior,
L = the lag operaor. and
abcSfy . A.0.0.y are model parameters 10 be estimated.

The model is identical 10 the model of Nedson's [1991]. with the exception of the additional wcrm in

equation [4.1c] 1o include the mixing variable, 7).

To case the exposition, henceforth this model will be referred 0 as Model 1. If there is no mixing

variable in the model, (that is the fr}, term is left out), thea it will be refed to as Model 2.

The values of the lag parameters, p and q. could be determined by evaluating the equation for several
values of p and ¢ and then using the Akiake Information Criteria (AIC) or the Schwasz Information
Criteria (SIC) 10 select the most appropriate model specification. For this study. the values of p and q
were taken 10 be 2 and 1 respectively. These were the values determined 10 be most suitable in the

study by Neison [1991].

The models were fitted using maximum likelihood and the Berndt, Hall, Hall and Hausman [1974)
(BHHH) algorithm. The likelihood function is given by Nelson [1991] and is reproduced in equation
[4.2]. This representation of the likelihood function utilizes for the underlying distribution the more

general Generalized Emror Distribution (GED).

T
(4.2a] Ly nn(m-% e Mo A)["-(1 W")In(ﬁ)-lnﬂ‘(\'")}-%h('!bl

[4.2b) A=R2CT(MT(IW))?
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Model specification tests are given by Newey [1985] and presented in Nelson [1991). The specification
test equations are presemted in Exhibit 2. The tests are based upon orthogoaality conditions which a
comect model specification would impose on the standandized ermor residuals. Z,. The first two tests test
for misspecification of the distribution. Coaditions three through seven. test for misspecification of the
conditional hescroscedasticity. Tests cight through twelve check for misspecification i the mean

cguation.

Standard t-tests can be used to determine the significance of variable cocfficients if the usual assumption
of the maximum likelihood estimator being consisient and asympiotically normal is invoked. Nelson
(1991]. however. highlights that invoking these usual assumptions may not be <o insocent.  Verifying
that the conditions necessary for the maximum likelihood estimator 10 be consistent and asymptoticatly
normal is exceedingly difficult. The complete asymptotic theory of EARCH models is yet to be
developed. In spite of these difficulties, it is assumed for the purposes of this thesis, that the maximum
likelihood estimator is asymptotically normal and thus standand 1-tests can be used to determine the
significance of coeflicients. The reader is cautioned. however. that this assumption lacks a sound

statistical basis.

IV2 ADVANTAGES OF THE GENERAL MODEL

The variable u, is included to account for the effect of non-trading as noted by French and Roll (1986]
and verified in the original model of Nelson [1991]. Using the EARCH model avoids the non-
negativity parameter consuaints that are implicit in the GARCH model of LL. The "g” term in equation
[6d] allows for differing volatilitics in bull and bear markets which the models of Karpoff {1987) and

Epps [1975] suggest and the empirical work of Black [1976) demonstrates.
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In addition. the mare encompassing GED is used 10 weaken the diswibutioanl constraiants. The “v" in
the likelihood function is a paramcter which determines the form of the disiribution. If v equals 2. thea
the diswribution is sorma). Iif v < 2, the distribution has thicker tails than aormal, while if v > 2 the

IV3 ALTERNATIVE MODELS

Model 1 belongs (0 the class of models gencally known as ARCH-in-Mcan models, namely because the
vaniance (crm appears in the mecan regression oquation. This places the onus on the modelier to
comrectly specify the entire system accuraicly and correctly. Namely, both the mean and variance
equations must be correctly specified. In a non-ARCH-in-Mean model, consistent estimates of the
parameters in the mean oquation can be obtained even if the variance equation is misspecified. In
addition. Nelson [1991] used index data to develop his model while this study uses individual security
data. Using index data tends to introduce index induced serial correlation which is not present when
individual sccurity returns are examined. As a resull &t is questionable whether the ARCH-in-Mean and
the autoregressive term in the mean equation of Model 1 are appropriate.  For these reasons, and to0
allow better comparison to the results of LL, the following EARCH model was also examined.

(4.3a) R=¢,
(4.3b] n(0]) =658 tnifn)+ a _21::)#) r-1)
(4.3 82)=8Z,+v(IZ,|-EZ)))

where R, = the daily retum,



. Z=o's,

7N, = the mizing vaniable.

w = the number of days noa-trading.

E = the expectations operator,

L = the lag operator. and

abc S Ly, .A.a.0.y arc model parameters w0 be estimated.

This mode! will heaceforth be referred w0 as Model 3. A model identical 0 Model 3, but without a

mixzing variable included, (that is without the a,In(fn,) term). will be named Model 4.

Model 3 is more closcly alignod with the model of LL in that the mean equation is identical. If the
EARCH parameters, namely. a.¥.A.0.y. are all insignificant. then the mode! collapses 10 be identical in
form 10 the LL model. In addition Modet 3, unlike Model 1. is not an ARCH-in-Mcan type model.

Therefore a slight misspecification in the vasiance cguation should not have drastic conseguences for the

sysiem as a whole.

Finally, the LL model will be referred to as Model 5. and a model identical o the LL model but without

a mixing variable will be referred to as Model 6. The LL modet is shown in cquation [4.4).

[44] &'"n-l se,

{4.4b} &,i(s,. 18, 2)~-NOA)

{4.4c] h,-c,*c,cf_. @k, +8ym,
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where R, = the daily stock rewm,
B = the average daily stock retum, (LL set p, = 0).
1. = the daily volume. and

@, arc parameters 10 be estimased.

The models arc listed for reference purposes together in Exhibit 1.

IVA TESTABLE HYPOTHESES

There are three main icstable hypotheses.  The first concerns misspecification in the LL model and the
nonlincaritics noted by Nelson (1991} and Pagan and Schwert [1991]). The LL GARCH model cannot
account for non-lincaritics in the variance equation. and remembering the asymmewic price-volume
relationship of KarpofT [1987]. it may be that volume is proxying for the nonlinearities, since the a's &
the LL. model are constrained to be non-negative. More directly. it can be shown that volume serics
themselves tend to follow an ARCH process. Thus, as hypothesized earlier, the volume ARCH process
may be masking the retwrn ARCH process in the LL model. Therefore, the first hypothesis, which tests

for misspecifical: m in the L). model is :

Hypothesis 1

HO:£>0.v.4,0,vall=0
Hi:atleastoncof . A. 0. v20)

If the conditions of the null hypothesis are satisfied. then the model is similar in form o the model of
LL. If the null hypothesis is rejected. then it implies misspecification in the LL model. This
misspecification will be most likely due 10 the constraints on the GARCH model which LL use.
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The second hypothesis tests the significance of the possible simultancity bias in the LL study. In this
test. the mixing variable is set equal to the aumber of daily changes in the mean of the bid and ask
quotes. [f Press’s (1967] model is comrect. then the sismultancity problema will be reduced with this
formulation. Therefore. with 1, defined to be the number of daily changes in the mean of the bid and

ask quotes, (henceforth refered 10 as the variable quotes). the hypothcsis to be tested is:

Hyposhesis 2:

HO:f=0:andatlcastoncof . 4. 0. vy20

Hl:f>0:andatleastoncof . A. 0. y20

1f the null hypothesis is rejecied, then it implics that a mixing variable adds information 10 the variance
of the distribution and Press’s model is supported. Harris's [ 1987) model suggests the use of

transactions as the most appropriate mixing variable to use. Th.s conjectuse will be examined as well.
Hypothesis 1 and hypothesis 2 will be examined using both model 1 and model 3.

To clarify the effect of using EARCH - .us GARCH, the simpier EARCH models, namely Model 3
and Model 4, can be constructed and compared against the GARCH snodels, Model S and Model 6.
The comparisons can be made using cithes the Akaike Information Crileria (AIC) or Schwarz’s

Information Criteria (SIC).

The AIC chooses the model which minimizes Akaike's information which is given in equation [4.5].




(4.5) Al=-2maxL(8,) +2Q

where max L(G) is the maximum likclihood value for a set of parameters and Q is the aumber of
parameters in the equation. Likewise the SIC chooses the model which minimizes Schwarz's
information which is given in equation [4.6).

14.6] SI=-2maxL(8) +Qlog(?)
where T is the number of obscrvations used (0 calculate the likelibood value. Whea the data set is
large. the SIC tends 10 favour the model with fewer parameters. In this study. the SIC will exhibit a
tendency loward selecting the simpler GARCH type models and rejecting the EARCH type models
which have more parameters. If the GARCH model is truly limiting, then the SIC will select the
EARCH models. and thus the SIC is chosen as the model selection criteria. This leads 10 the third

hypothesis:

Hypothesis 3:

HO : The SIC selects the GARCH models
HI : The SIC selects the EARCH models

The GARCH likelihood functions were maximized using a scanning process, (also known as a grid
search). over 360 initial starting values for the maximization algorithm. The grid consisted of starting
the maximization procedure with all possible pairs of a, and a, from 0.1 to 0.9 in steps of 0.1. For
example the maximization was started with the pairs (0.1. 0.1). (0.2, 0.1), (0.3, 0.1), ... (0.8, 0.1), (0.2,
0.1). etc. The a, variable was also searched over an order of magnitude in ten equal steps. This gives
strong confidence that the likelihood functions for the GARCH models are maximized.
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The EARCH maximization were all started with only one set of starting parameters. It was not practical

to pesform a grid search for the EARCH Likelihood functions due 10 the excessive computer time that
each EARCH maximization took. The differences in maximization routines biases the sclection
procedure toward the GARCH models. Thus if the null of hypothesis 3 is rejected. then it is strong
evidence that the EARCH models have superior modelling power over GARCH modeis whea modelling

daily equity rewms.

The MDH model of Press (1967). (where the mixing vaniabie is the number of daily price changes), can
be tesied against the moded of Hatis {1987], (where the mizing variable is the number of wansactions),
by reformulating the model in hypothesis (2) by defining 7, 10 be the number of daily ransactions. By
cxamining the likelihood values for the resulting model, it can be determined empirically which
formulation fits the data best. The determination of the proper mixing variabie is critical in new
theories which model the information implicit in both the size and rate of stock transactions, (for

example Blume, Easley and O’Hara [1991]).

The determination of the mixing variable can also assist in the determination of the causes of volatility.
Two commonly cited causes of retum volatility are information based wrading, and the generation of
trading being self-generated. While there is no clear cut distinction, one would expect that changes in
the quotes would reflect the results of information trading, in part because of the implications of the
Efficient Markets Pvpothesis. Conversely, and in comtradiction of the Efficient Markets Hypothesis, the
number of transactions would tend to reflect trading being self-generating, i.c. traders preferring 10 trade

only when other traders are trading which in wum leads to ¢ven more rading etc.

The choice of transactions would however be consisient with the models of Admati and Pflciderer,
(1988], [1989]. in which they conjecture that both uninformed and informed traders will prefer 10 trade

when the market ir active with traders versus a market in which few traders are participating.  Admati
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and Piciderer’s model suggests that there will be higher return variability when the market is more
active with traders. Thus if Admati and Pficiderer’s model is accurate, one would expect transactions or

volume 10 be the most appropriate trading activity vaniable.

IVS SUMMARY

The models to be cxamined in this study coasist of four EARCH models, (two of which are ARCH-in-
Mcan models), and two GARCH models which are duplicates of the models which LL cxamined. The

models are presented together in Exhibit 1.

There are three main testable hypotheses. The first two hypotheses are concemed with the estimated
parameters of Model 1. The first hypothesis tests the significance of the EARCH specific parameters
when there is also a trading activity variable included in the variance equation. The hypothesis is:

Hypothesis 1:
HO : 0 andy, A, 0, yall =0

Hl : atleastoneof y,.A.0.y20

Rejection of the null of Hypothesis 1 implies misspecification of the LL model. In addition it throws
doubx on their assertion that "lagged squared residuals contribute little if any additional information
about the variance of the stock return process after accounting for the rate of information flow as

measured by contemporaneous volume.”

The second hypothesis examines the use of the variable "quotes” as the rading activity variable relative
10 the variable "volume” which LL used. The second hypothesis is:



Hypothesis 2:
HO : f=0:andatleastonc of w.A. 0, Y20
Hl : f>0andatlcastoncof y, A. 0. Y= 0

Rejection of the nuli, with the trading activity variablc being cither quotes or volume, implics that a
trading activity variable adds additional information along with lagged squarcd valucs of the residual
enror term. The vasiable “transactions” is also included in the model of Hypothesis 2 10 chock on the
validity of Harris's {1987) MDH model and the trading activity theories of Admati and Pfieideser 1988,

1989].

The third hypothesis tests whether or not EARCH models are superior 10 GARCH models in the
modelling of equity retums. The third hypothesis is:
Hypothesis 3:

HO : The SIC selects the GARCH models

Hl : The SIC selects the EARCH models

Rejection of the null demonstrates that EARCH models are superior.



CHAPTER §
DATA

V.1 DESCRIPTION OF DATA

The data for this study coasists of two samples of twenty equity securities each.  The first sample
consists of twenty Canadian securities traded on the Toronto Stock Exchange (TSE). The secoad
sampic consists of twenty American companics which are traded on the New York Stock Exchange

(NYSE).

Lamourcux and Lastrapes (1990a], (LL), use the data for twemty stocks in their study for a period of
time of approximately 18 months. The number of securities 10 be 1esied in this study is double that
number and for a significantly greater period of time. The number of obscrvations per security in this
study is approximately 1900 days of data. Lamoureux and Lastrapes [1990b] demonstraic that using
Generalized Autoregressive Conditional Heteroscedasticity, (GARCH), models for long time series may
be inappropriate since the GARCH framework does not allow for detenministic structural shifts in the
variance. Using an Exponential Autoregressive Conditional Heteroscedasticity, (EARCH), framework,
this limitation is greatly reduced since there are limited constraints on the EARCH parameters and the
EARCH model allows for oscillatory behavior in the variance. Thus the use of a longer time serics is

appropriaie in order to improve the quality of parameter estimales.

The database for this study includes all date and time stamped bid-ask quotes. transaction prices and
volume for every security traded on the TSE from January 1984 10 the end of July 1991, for over 1900
trading days of data. Similar data for 311 NYSE and AMEX securities were obtained from a direct data
feed employed by the TSE. The 311 securities on the U.S. data feed are: 68 Canadian-AMEX

kY



interlisted securities. 53 U.S. based TSE interlisted securitics. 33 Canadian based NYSE interlisted

securitics. 27 non-imterlisted DOW 30 securities and 130 other NYSE securities.

Retuns and shares outstanding data were obtained from the TSE-Western database and the Center for
Rescarch in Security Prices (CRSP) database.

Ulilizing the inraday data, for cach sccurity and for each day, the number of transactions was first
counted. The daily volume was found by adding together the total volume for cach transaction. The
volume variable was scaled by the lisied number of shares outstanding for that security. Thus the

volume variable is the fraction of shares outstanding being traded on any specific day.

For the quotes variable, each time that either the bid and/or the ask price was changed. the quotes
variable was increased by one. The initial quote of the day was counted only if it differed from the
ending quote on the previous day. This counting method did not directly take into account changes in
the mean of the bid and ask, (for instance the quoies could have changed by symmetrically widening or
narrowing without changing the mean of the bid and ask.) When the specific number of changes in the
mean of the bid and ask was counted, the resulting difference in the values of the quote variable was

very trivial,

The days between trading was determined by examining the number of days for which each siock did
not have an opportunity to trade due to the exchange being closed or trading in the stock being halted
for the day. For those days with missing data, the days belween trading was determined by the number
of days that the exchange had been closed to trading. This is consistent with the meaning of non-

trading days as used in French and Roll [1986].
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The securities in this study were selected arbitrarily from a pool of stocks on the data tapes which had
the most complese and continuous tading history available over the emtire period of the study. There
was no other scloction criteria. A sample size of twenty Canadian sccuritics and twenty American
securities was thought 10 be adequate based on the trade-off between sample size and time of
completion of swdy. The results achieved are so consisient that a larger sample size is fekt 10 be

uvnwarranted.

The sclection criteria and the database characteristics induces a strong survivorship charactesistic among
the sccuritics sclecied. In addition the securitics selected, particularly in the American sample, tend to
be some of the larger and more actively traded stocks. This characteristic of the data does not have any
obvious implications for the purposes and oulcomes of this study. The fact that the stocks selected tend
10 be among the more actively traded securitics makes the sample similar to the sample of LL, since
they purposely chotz only actively traded securitics with listed options.The effect of this selection bias
is not obvious. The advantage of having a large complete data set was considered (o be greater than

any drawbacks from using a more random sample.

The securities and the number of observations for each security used in this study are listed in Table 1

for the Canadian sample and Table 2 tw the American sample.



CHAPTER 6

RESULTS AND ANALYSIS

VL.1 EXAMINATION OF TRADING ACTIVITY VARIABLES

Averages for the three trading activity variables examined are presented in Table 3 and 4. The number
of changes in quotes for the Canadian and American sample are roughly equivalent. However, the
number of transactions was almost three times greater and the volume series was also almost three times
greater for the American sampic. Taking the quote variabie to be indicative of the rate of flow of
information to the market. and the transaction and volume variables to be indicative of the amount of
trading activity, the conclusion to be drawn is that the rate of information is flowing to the two markets
is at roughly equal rates but that the amount of trading for non-information reasons is significantly

greater for the American sample.

A test for Autoregressive Conditional Heteroscedasticity, (ARCH,, based upon the methodology
suggested by Engel [1982], and using the base or mean equation used in LL. was conducted. The
average results for the two data samples are presenied in Table 5. The results presented are the Chi-
Squared statistics against the null hypothesis of no ARCH effects for up t six lags. The retumns series
and the series for the three trading activity variables all rejected the null of no ARCH in their respective

time series,

The fact that the returns series exhibited ARCH effects is no surprisc. The use of ARCH models ‘n
modelling equity returns has already been well established. The finding that the trading activity
variables also exhibit ARCH effects is new. The quotes and transactions series tor all of the stocks

rejected the null of no ARCH every time. Not all of the volume series however exhibited ARCH

4()
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effects. The null of no ARCH could not be rejecied at any reasonable significance level for ten volume

series from the Canadian data and six volume series from the American data.

Press's (1967) model of the Mixture of Distributions Hypothesis, (MDH). also staied that the
distribution of the volume variable was a mixture of normal distributions with the mixing variable being
the rate of flow of information. If one accepts that MDH variables can be modelied in an ARCH
framework, (for example what Lamoureux and Lastrapes [1990a], (LL). did in their study), then it is not

surprising $0 sec that ut least the volume serics tesied positive for ARCH.

The presence of ARCH effects in the rading activity variables is significant in thal it supports the
suggestion that tie LL results are a consequence of the trading activity variable, which follows an
ARCH process, masking the return ARCH process. The fact that volume did not always reject the null
hypothesis of no ARCH effects however weakens this conjecture, since volume was the specific tading
activity variable used by LL. The ARCH test used does not directly test for Exponential Autoregressive
Conditional Heteroscedasticity, (EARCH). effects. and as such one can not automatically conclude that

the variables do. or do not follow an EARCH process. However. the evidence and intuition suggests a

high probability that they do.

A similar ARCH test was conducted, but with an autoregressive term for the variable in question in the

mean equation.  The resulls were similar and thus are not presented.

V1.2 COMPARISON OF EARCH MODELS
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The results for EARCH Models | and 2 are shown in Table 6 for the Canadian data and in Table 7 for

the American data. The results for EARCH Models 3 and 4 are likewise shown in Table 8 for the

Canadian data and Table 9 for the American data.

Models 1 and 2 differ from Models 3 and 4 in that Models | and 2 have an expanded mean equation,
namely the preseace of a tagged returm term and an ARCH-in-Mean term.  When focusing on index
returns, the lagged return term is appropriate. but with individual secutity returr data, the use of the
term is questionable. In addition, whilke it is intuitively plausible to have a component in the mean
return equation proxying for the risk or variability of the retums. it is not clear whether an ARCH-in-
Mean term is the best way to model a variability cffect. The cocfficient “b”, on the lagged retumn term
was significant at the five percent level in the Canadian data only seven times out of a possible twenty
when the trading activity variable quotes was present and five times and four times when transactions
and volume were the trading activity variables respectively and five times when the mizing variable was
not present. (i.c. in Model 2). The equivalent results for cocfficient "b” with the American data is six
times out of twenty with quotes, ten times with transactions, cleven limes with volume and six tumes
when there was no trading activity variable. These results indicate that the use of a lagged retum in the

mean equation is questionable for these models.

The ARCH-in-Mean coefficient, "c”. was significant at the five percent level in the Canadian sample
nine times out of twenty with quotes as the trading activity variable, cight times with either ransactions
or volume and only once when the model did not include a rading activity variable. The significance
of the coefficient "c” was much greater in the American sample with the cocfficient being significant at
the five percent level fifteen times out of twenty when either quotes, transactions or volume was used as
the trading activity variable. The coefficient was significant six times out of twenty in Model 2. The

difference in the results between the Canadian and Amcrican data may be a consequence that the
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American securitics iended to have a much larger capitalization and thus tended 10 trade more like an

index than the stocks in the Canadian sample.

The third difference between Models 1 / 2 and Models 3 / 4, is the variable in the variance equatioa t0
account for the number of days non-trading effect, u,. This variable was never significant &t the five
pescent level in the Canadian data when cither quotes or transactions was used as the trading activity
variable and the variablc was significant only once when volume was used and seven times when there
was not a trading activity vasiable present. The results were similarly weak in the American sample
with the variable being significant five times when quotes was the trading ~ctivity varisble, once for
transactions and ncver for volume. The variable was significant seven times in Model 2. Aa obvious
explanation for lack of significance when there is a rading activily variable present in the equation is
that the French and Roll cffect [1986). which was accounted for by the number of days non-trading. is
better represented by a trading activity variable. This is not a surprising result since French and Roll
hypothesized that the effect was caused mainly by the arrival of information to the markets. The
relative lack of significance when there is not a trading activity variable present contradicts the

observations of French and Roll.

The lack of significance of the variables representing a lagged retum, the ARCH-in-Mean, and the
number of days non-trading, suggests the preference of Models 3 and 4 over the use of Models 1 and 2.
The results of both sets of Models will be used in the rest of the analysis but the focus will be on

Models 3 and 4.

The average value for the G.E.D. parameter, v, was 1.35 for the Canadian data and 1.44 for the
American data in Models 1 and 2. The comresponding values for Model 3 and 4 are 1.12 and 1.37 for
the Canadian and American data respectively. This implies that the distributions had thicker *ails than

normal and that (-statistics will be biased upwards. Use of conventional t-statistic tables will not be



perfectly valid since the t-valuc needed for a given critical arca will have 0 be targer in magnitude,
given the fateer tails of the distribution.

kt should be noted that the maximization algorithen used restricied the value of the paramcter v 10 lic
between the values of 0.5 and 3.0. For Models 3 and 4. in thirty-one cases in the Canadian data the
lower bound of 0.5 was landed on while in the American data the lower bound was reached in only
cight cases. The upper bound of 3.0 was reached once in the Canadian and twice in the American
sample. Excluding these values where a bound was reached for caiculating the average value of the
parameter v, the averages were 1.49 for the Canadian data andd 1.47 for the Amcrican data. The fact
that the lower bound was reached so ofien in the Canadian sample implies that the distribution of
returns in Canadian is extremely thick-tailed relative o the normal distribution. The reaching a
boundary constraint of the maximization procedure also implics that the EARCH liketihood functions

are not maximized and the model itself with the estimated parameter valoes may be misspecified.

VL3 RESULTS CONCERNING HYPOTHESIS 1

Hypothesis | challenges LL's assertion that "lagged squared residuals contribute litde if any additional
information about the variance of the stock retum process after accounting for the rate of information
flow...". If LL's assertion is correct then the addition of a trading activity variable should change the
number of significant lag coefficients in the EARCH framework. Namely, the number of the group of
parameters consisting of, y, A, 0, and y, which are significant should be smaller for Models | and 3

than for Models 2 and 4 which do not have a mixing variable in the model.

Tables 10 and 11 present a summary of the number of the EARCH parameters, v, A, 0, and v, which

are significant at the five percent level in Models 1 / 2 and Models 3 / 4 respectively. Examination of
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the tables shows that the presence of a trading activity variable docs not affect the significance of the
paramecters y, A, 0, and v. Over the two Models with rading activity variables preseat, Models 1 and
3, there was only one case for the Canadian sampic and onc case for the American sampiec were noac of
the EARCH paramiers were significant. The solc exception with Model | was with volume as the
trading activity variable and the two exceptions with Model 3 were with transactions as the trading
activity vanable. In no cases with transactions. was there no EARCH parameters significant when
quotes was the trading activity vanable. In a large majority of the cases there were at least three of the

variables significant.

The EARCH parameters arc significant when the trading activity variable is quotes. transactions or even
volume, the variable that LL used in their study. In addition the EARCH parameters are significant if
the trading activity variable was significant or not significant. The distribution of the number of
significamt EARCH pasameters is vinually identical for the models with the trading activity variable
present, (Models | and 3) as it is for the models where the trading activity variable is not present

(Modcls 2 and 4).

These results lead to a very strong rejection of the null of Hypothesis 1. Lagged values of the squared

residuals do add information about the stock retumn even if the rate of flow of information is accounted

for.

Rejection of the null of Hypothests 1 implies that LL's GARCH model was misspecified. A possible
source of the misspecification could lie with the limitations of the GARCH model framework. More
specifically, the GARCH model only allows for a linear structure for the relationship between the
current vanance and the past variance. It is obvious however that the variance of returns has a tendency
w uscillate up and down. In addition, Press [1967] originally hypothesized that volume, as well as

retums, follows a mixture of normals distribution. With the fact that the wrading activity variables used,




including volume. test positive for ARCH efffects. then it is quite possible that the LL results are a
consequence of the volume variable proaying for the ARCH effects of the retums. With the more
general EARCH model. the limitations on the structure of current variance 10 past vanance is reduced,
and thus the trading activity vanables are not mathematically forced W proxy for the ARCH process of

the stock returns,

Vi4 GARCH MODEL RESULTS

The log-likelihoods. t-statistics on the trading activity variables, and the sum of the ARCH parameters
for the GARCH modcls arc summarized in Table 12 for the Canadian data and in Table 13 for the
American data. Model § is a (1.1) GARCH model which incorporales a trading activity variable.
Model 6 is identical to Model S except that it does not include a rading activity variable. The GARCH

models are identical 10 the GARCH models utilized in the LL study.

One of the main observations from the LL study was that the sum of the coefficients a, and a, had a
value closer 10 one in the models without the rading activity variable but the sum of the coefficients
was greatly reduced in the mode! with the trading activity variable. This result is replicated in this
study. Across all the securities and for the various different trading activity variables, the average sum
of the alohas was 0.91 before the addition of a trading activity variable and only ().42 after the addition
of a trading activity variable. In the Canadian sample, the sum of the alphas was reduced from .90
when there was not a trading activity variablc in the model to 1).36 when quotes was included, or 0.29
with transactions and ().35 with volume. The American sample results were a reduction in the sum from
0.92 10 0.42 with quotes, 0.55 with transactions and ().53 with volume. The fact that the LL results
were verified shows that the effect is not sample specific and gives validity to the EARCH results in

comparing the outcomes of the various models.
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For comparison purposes, the results of the EARCH models are presemied in a similar format in Table

14 for the Canadian data and in Table 15 for the American daa.

VLS TEST OF SIGNIFICANCE OF TRADING ACTIVITY VARIABLES

Hypothesis 2 is concemed with the significance of the trading activity variables and in particular the
quotes variable. Table 16 provides a summary of the results concerning the significance of the various

trading activity vanables.

For the Canadian sample. the quotes variable is significant at the five percent level sevenieen times out
of twenty in Model 1 and cighieen times out of twenty in Model 2. Thus for the Canadian sample the
null of Hypothesis 2 is strongly rejecied. The average t-statistic of the coefficient of the variable was
2.73 in Model 1 and 4.38 in Model 2. The average t-statistic when the variabie was significant in
Model 1 was 3.06 and 0.87 when insignificant. The comesponding resuits in Model 3 are 4.71 and 1.40

respectively.

The resuits concerning the significance of the quoles variuble are slightly different for the American
data. Examining the results for Model 3. shows strong support that the quoles variable is superior. The
average (-statistic for the quotes coefficient over the twenty American stocks in Model 3 is 6.42 with the
varnable being significant in sixteen cases out of twenty. For the sixteen significant cases the average t-
statistic was 7.89 and ().56 when the variable was insignificant. For Model 1. the results conceming the
significance of the quotes parameter are not as strong.  The variable was significant only eight times

out of twenty with an overall t-statistic of 1.62.
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Overall there is strong evidence 0 reject the null of Hypothesis 2. If one accepts the conjectare that the
mean of the bid-ask quotes is the equilibrium price. and thus everytime the mean of the quotes changes
there is a change in the equilibrium price, then the fact that the quotes variable is significant supports
the MDH as first postulated by Press [1967].  Press claimed that the number of changes in the
equilibrium price is the directing vasiable that determines the vaniance of the stock retum distribution,

This is consistent with the quotes variable being significant in the EARCH models.

The trading activity variable volume was significant in the Canadian sample but not in the American
sample. The volume variable in the Canadian sample was significamt at the five percemt level sixteen
times out of twenty in Model 1 and fificen times out of twenty in Model 3 with an average t-statistic of
2.85 and 3.22 respectively. The results for the volume variable in the American sample were
significance four and six tmes out of twenty for Model | and Model 3 respectively with average t-

statistics of 1.73 and 1.22.

The dramatic difference for the results between the Canadian am American sampies for the volume
variable could be duc to the relative differences in liguidity in the two markets. The average relative
trading volume for the stocks in the American sample was three times greater than the average relative
volume in the Canadian sample. Coupled with a similar diffcrence in the average number of
transactions in the American and Canadian sample, it implics that there is more liguidity tading
occurring in the American stocks. Liquidity trading will not affect the cquilibrium price. Only trade
based on information will affect the equilibrium price. The probability of a trade heing an information
trade is greater for the Canadian sample than the American. For this reason volume of trades in Canada
may convey more information to the markets than a similar volume in the American stocks. If this is
the case. then the volume variable should be more significant in the Canadian sample than it is in the

American sample.
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A similar argument holds for the transaction variable. Although the transaction vasiable is not ofica
significant, the resubts show that it is more important in the Canadian sample than in the American
samplc. Indeed the transactions variable is significant at the five peroent level seven times out of
twenty in Model 1 of the Canadian sampic and five times in Model 3. The transaction vasiable is oaly

significant for onc stock in Model 1 and is never significant in Model 3 of the American sample.

The results showing insignificance of the transaction varniable in the EARCH models casts doubt on
Harmris' [1987] model of the MDH when he claims that the number of transactions may be a suitable
variable to use as the mixing variable. In addition it contradicts the theories of Admati and Pfleiderer
(1988, 1989], which show that retum vanability should be higher when the market has the highest

number of traders transacting.

The fact that transactions seem (0 contribute little information about the variance of equity retuns is
interesting in light of concerns that excessive rading leads o excessive stock retum volatility. The
results found seem to contradict such a conclusion. In fact it could be stated that the number of
transactions has litde or no effect on the volatility of returns when the past volatility of retumns is taken

into account.

Overall, the evidence points convincingly towards quotes being the preferred trading activity variable,

(ur mixing variablc in MDH terminology). to utilize.

The result that quotes appear (o be more significant a trading activity variable than transactions is
consistent with the implications of the Efficient Markets Hypothesis. Changes in quotes signals the
arrival of information in the markets. It is thus not surprising that the quotes variable is significant in
determining the distributions of returns.  If ransactions was a significant variable, then it would be

evidence that trading in some sense was self generating, i.c. traders trading simply because many other
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traders are rading which in tum kads 10 even more traders tridding ctc.  This concept of how trading

develops contradicts the Efficient Markets Hypothesis. In pant this is what the models of Admati and
Pflciderer [1988.1989). are trying 10 capture. The evidence of this thesis however supponts the Efficient
Markets Hypothesis.

It is imeresting o note that all three of the rading activity variables arc strongly significant in almost all
of the sample securities when they are modelled with the GARCH model. This result is consistent with
the conjecture made carlier that the mixing variable in the LL model is acting as a substitute ARCH

process o overcome the limitations of the GARCH framework.

V16 SIC RESULTS AND HYPOTHESIS 3

The log-likelihood results for the GARCH and EARCH models presented in Tables 12 through 1S are
summarized in Table 17. along with the results of model selection by the Schwarz Information Criteria

(SIC).

Hypothesis 3 is to test whether the EARCH models or the GARCH models provide a better overall fit
for modelling stock retums. The SIC was chosen as the sciection criteria because it is biased against

the EARCH models which have more parameters.

The results presented in Table 17 resoundingly show that EARCH models are superior 1o GARCH
models. The null of Hypothesis 3 that GARCH models ase superior is rejected in every single case.
The results are remarkable in that firstly the selection criteria is biased against the EARCH models.
Secondly, the GARCH models were maximized using an cxtensive grid of starting points for the

maximization. Thus the chances of the maximization routine stopping at a local maximum for the
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GARCH models is slight. The EARCH maximizations were only staned from a single beginning point
due to computational time constraints. As such the probability of being at the global maximum i; much
greater for the GARCH models than for the EARCH models. One would expect this methodology to

favour the GARCH models. The favouritism of the methodology however tums out to be irrelevant.

For the Canadian sample there is a strong tendency for the SIC to select Model 3 over the more
complicated Model 1 with the SIC choosing Model 3 fificen times, Model 4 once. and Model 1 only
four times. The resuits for the American sample are more balanced. Model 1 is chosen nine times and
Model 3 is chosen cleven times. In part the difference in results beiweer the Canadian and American
sample may be that the companies in the American sample are much larger and resembie a portfolio or
index much more than the stocks in the Canadian sample. This being the case, the American stocks
may fit into Model 1 which was originally developed by Nelson [1990] for an index rather than Model

3. which this study developed for use with individual securities.

It is interesting to note that the SIC, with one exception, always selects an EARCH model which
includes a trading activity variable in the formulation. The EARCH Models 2 and 4. which do not
inciude trading activity variables, are inferior to their counterparts which include the trading activity
variable. This demonstrates again the importance of the trading activity variables in describing stock

relurm scries.

The selection of trading activity variable using the SIC criteria within models is difficult because the
difference of SIC value within models is generally of the order of one percent. It is impossible to
ascertain if the maximum log-likelihoods calculated are near the global maximum log-likelihoods by this
amount. Consequent!; it is unrcliable to use the SIC criteria to chose the proper mixing variable to
utilize. With that as a caveat, there is a strong preference for the SIC to chose the quotes variable in

the Canadian sample for Model 1 and Model 3. The quotes variable is selected sixteen and seventeen
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times respectively in Model 1 and Model 3 while transactions is selected four and three times
respectively. The American results are more cvenly distributed but with a slight preference in Model 1
for the quotes variable which is selected thirteen times versus four times for transactions and three limes

for volume.

V1.7 SPECIFICATION TEST RESULTS

Results of specification tests for Model 3 and for Model § are shown in Table 18 and Table 19

respectively. The actual tests themselves are presented in Exhibit 2.

The first two specification tests are for misspecification of the distribution. Tests three through seven
test for misspecification of the conditional heteroscedasticity. Tests cight through twelve check for

misspecification in the mean equation.

The specification test results for Canadian security MTT were very high, (value greater than 1000), for
Model 3 when transactions was the trading activity variable. Thus the Canadian results are reporied
without the MTT results included in the averuyges for the transactions sct. Likewise, the American
security IRC gave high t-statistic results and thus the American results are reported with IRC results

included and with IRC results excluded.

Examining the results for Model 3 first, it can be seen that the average mean of the nonmalized residual
is not statistically different from zcro for both the Canadian and American samplies. However the
square of the normalized residual is on average statistically different from the expected value of one for

the Canadian stocks. The high average t-statistics for tests three through seven for the Canadian data
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indicate that the conditional variance is misspecified in Model 3. This conclusion is consisient for all
the Model 3's and independent of what the trading activity variable used was. The resuits of tests three
through seven are betier for the American data, (when the results for IRC are excluded), but there is still

evidence that the variance equation in the model is misspecified.

The average t-statistics for tests eight through twelve are all insignificant across the Canadian and
American models with the exception of test number cight which fails in every case. Thus the mean
eqguation appears 10 be well specified with the exception of first order autocorrelation in the mean,
which is the conclusion from the results of test eight. This result is surprising since it implies that after
correctly accounting for the variance in returns, there is mathematical predictability in returns using

daily data.

The specification tests for the GARCH models, shown in Table 19 are much better, although there is
slight evidence of misspecification of the variance in the Canadian sample. However test number eight

still fails on average for all the various models.

It is difficult to judge the seriousness of the results of the specification test failures since there is no
known study which uses these tests on models constructed for individual securities using daily data.
Nelson [1989] finds similar failures when modelling a return index using the Standard 90 index, but gets
much better specification test results using the CRSP value weighted index niamn, Nelson [1991]. It is
ironic 10 note that Nelson finds the test for first order autocorrelation fails in both of his studies using

index data.

It is likely that a more suitable lag structure may be found. (i.e. use different values for the length of
lags p and q in Model 3 or Model 5). This study took as its values for p and q the precedents set in the

previous liserature. Namely this study used the lag siructure (1,1) for the GARCH models as used by



LL and (2.1) for the EARCH models as used by Nelson [1991). Experimenting and examining the
effect of other lag structures is a wpic for funher study. Neison also suggests that the use of a more
general and encompassing distribution than the GED distribution may improve the results of the

specification tests.

If computational time constraints were absent. a better model fit for some of the EARCH models may
be found by using a grid search over a range of possible starting values for the maximization algorithm.
However with fourteen variables to get starting values for the maximization algorithm for, this is not a

practical technique.

Vi3 SHORTER DATA SAMPLES

To improve model fit, a long time series of approximately 1900 observations or seven and a half years
of daily data was utilized. To examine the effect of using a shorter data series, a subset of the
American stock sampl: was remodelled using only 750 days of data for Models 1.5 and 6. The log-

likelihood values and SIC values are shown in Table 20.

Although the SIC values were close in magnitude, the surprising finding is that the SIC chose the
GARCH model over the EARCH model in each of the ten cases examined. Thus when using shorter
sets of data, it appears that GARCH models may be slightly preferred over EARCH models. A possible
explanation for this surprising result is that the lincar constraints may not matter over a shont period of
time. In other words, the variance m~y oscillate slowly over time such dat if one uses a short time

series the oscillations may not matter.
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The debawe started by Pagan and Schwent [1990] and continued by Day and Lewis [1992] over whether
or not EARCH models are superior 10 GARCH models may depend or she length of the ime series
being used.  The indications from this study is that the EARCH models are definitely supenor for longer

time series while the GARCH models are superior for shorter time series.

V.9 SUMMARY OF RESULTS

The empinical results are as follows:

{1) The EARCH parameters, W, A. 6, and v. are found to be significant and thus the null of Hypothesis
I is rejecwed. This implies misspecification in the LL GARCH model. Furthermore it is evidence that
lagged values of the error term squared do add infonnation to the regression system even when the rate
of information flow is accounted for. This finding contradicts the conclusions of LL. Both MDH and

ARCH effects are present simultancously.

(2) For the Canadian data in Model 1. and for both the Canadian data and the Amenican data in Model
3, the rading activity vanable coefficient is significant for the variables quotes and volume. Thus the
nuil of Hypothesis 2 can be repected. implying that a mixing variable adds information about the
variance of a distributton and giving support to Press's MDH model.  The trading activity variable

transactions is generally nos significant which is contradictory to the MDH model of Harris [1987].

(3) Ovezall the model selection criteria sclected an EARCH model over a GARCH model in every
instance when the full data serics was utilized. Thus the null of Hypothesis 3 can be rejected. EARCH
models appear o be superior v GARCH models when a long time series of returmns is used. When a

shont nme series, (750 data points). was used, the selection critenia selected the GARCH models over
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the EARCH models. In part this could be because a GARCH model cannot madel several shifts in the
direction of volatility. something which is more likely to happen over an extended peniod of time wersus

2 short period of time.

{4) The model selection criteria almost always chose an EARCH madel which also had a tnading
activity variable as a component.  This result demonstrates the inportance of examining vaniables which
measure trading activity or the rate of informauon flow, which up until now have all but been ignored

in the empirical literature.



CHAPTER 7

SUMMARY

VII.1 CONCLUSIONS

One of the pimary conclusions of this study is that the concepts of the Mixture of Distributions
Hypothesis and ARCH models can and should co-exist when modelling equity returns.  The model
results show that a trading activity variable, acting as a proxy for the rate of flow of information o the
markets adds information about the vasiance of a security’s equily retum as do e lagged squared

values of the residual error term. Both MDH and ARCH effects are present and significant.

In this study three trading activity variables. proxying for the rate of flow of information were

cxamined. The variables were the number of daily changes in the guotes of a security, the number of
daily transactions, and the amount of daily volume. Both the quotes and volume variables proved to be
significant while the evidence was much weaker for the significance of the vansaction vasiable. The
quotes variable being significant suppons the MDH of Press [1967], (assuming that the number of
changes in the quotes is an accurate measure of the number of information events causing equilibrium
price changes in the market), while the absence of significance of the transactions variable contradicts
the MDH of Harris [1987]. The results demonstrate that trading activity variables have a definite role in

helping 10 model the variance of a distribution for equity returns.

Examination of the vanous modeis tested in this thesis show that for long time series of equity retumns
EARCH models are superior 10 GARCH models. However the results are reversed when a shortened
time series of only 750 data points are used. The GARCH models are superior when shortened data

seis are used. Since there s a lagh price to pay in complexity for using the EARCH models over the
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GARCH models. it is important for the modeller to determine the appropriate made] for the situation.
Part of the explanation for the supenior performance of GARCH models for shortened data sets but not
for longer data sets is that the GARCH madee] is restricted in its capabality 0 model several shifts in the

direction of the vanance.

The results of LL arc verified but their conclusions cannot be supported by the results of this thesis. As
staied above, both the trading activity vaniables and lagged squared values of the residual ermor erm are
significant when a full EARCH model is used. Thus even after accounting for the rate of flow of
information, ARCH effects are present in equity retums. The results of LL and this thesis suggest that
the GARCH model of LL with a trading activity variablc in the variance cquation is a substitule
EARCH process. ARCH iests demonstrate that the wrading activily variables themselves are ARCH
processes. In addition the significance of the trading activity variables is much greater in the GARCH
models than in the EARCH models. These facts suggest that the trading activity variables themselves
follow an EARCH process along with the return series and when the trading activity variables are
included in a GARCH model they attempt to overcome for the limitations of the GARCH model and
thus supplant the GARCH variables. It should be noted that GARCH models with trading activity
variables in the variance equation produce models with significantly larger log-likelihood values than

GARCH models without trading activity variables included.

It scems plausible that the LL results are a consequence of the volume variable acting as a substitute
EARCH process in the model. The volume variable itself was not constraned, and it is likcly that the
volume variable itself follows an EARCH type process. Thus in the LL model. the retum series
variance was better explained by the variance of the volume term than by the resuricied GARCH
parameters. In effect. it may be that LL formulated a substituic EARCH process by including the

volume variable in the GARCH variance equation.



VII.2 IMPLICATIONS FOR FUTURE RESEARCH

The results of this thesis have advanced the debate on the distribution and modelling of stock returns. It
has been shown that EARCH models with a wrading activity variable included in the variance term,
(particularly the trading activity variable quotes). provide a superior model for equity retum series than
GARCH models. As Schwert and Seguin [1990] demonstrate, it is important w0 comrectly account for
heweroscedasticity when iesting hypotheses conceming stock market time series. This thesis shows that
an EARCH model with a rading activity variable included in the variance equation is at lcast a good

stant 1o accounting for heteroscedasticity in equily retums.

Empirical testing of theories conceming the rate of information flow 1o the stock markets should focus
on the variables of changes in quotes and volume. These were the variables. (especially quotes), that
proved to be the most significant in the models examined. Reseachers until now have focused
relatively little attention on volume and virtually no attention on the rate of quote changes. The results

of this thesis show that the neglect of these variables should cease.

Further studies should in pant focus on the effect of changing the lag structure in the EARCH models.
A lag structure of (1.!) is well accepted for GARCH models but little has been done in respect (o the

appropriate lag structure of EARCH models for individual security retums.

Additionally, intition, and the results of the specification tests indicate that the specific lag structure
and model is likely to be different for different securities. In this study. feur EARCH models and two
GARCH models were used for all securities.  For further rescarch, it seems appropriate to examine

specific lag structures and models for specific securities.



EXHIBIT 1
ARCH MODELS EXAMINED
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Model |

EARCH model including trading activity variable;

R=a+bR , ocofoc,

. o (1*TL) v
la(o))-e, a-a,L-azy

a,=a+in(1+8u,+M)
‘(Z,)=OZ,+7(|Z,| "E|z||)

Z=0,'s,

where R, = the daily return,

7, = the mixing variable,

u, = the number of days non-trading.

E the expectations operator,

L the lag operator,

abcdfy.A.a0.yare model parameters to be estimated.

EARCH model without trading activity variable;

R=a+BR, ,ocoles,

(1+7L)

ln(of)q,*-—-—————-———z—
(1-4,L-A.L%

8Z, )

a,=a-+In(1+8u)

82)=8Z,+1(|Z,|-£|Z,)
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EXHIBIT 1 (comt’d)
ARCH MODELS EXAMINED

Model 3

Model 4

EARCH model with trading activity vanable but no ARCH-in-mean component:
R,

g+ YD)
e o

& =a+In{fn)
82)=02,+v(|2,[-E|Z,))

Z=0, 'z,

EARCH model with no trading activity variable or ARCH-in-mean component;
R=e,

cas—1*¥D
ko=, (I-A,L-A,L’).( &

a=a
82)=6Z+x(|Z,|-E|Z,))

Z=0,'s,



EXHIBIT 1 (cont'd)
ARCH MODELS EXAMINED

Model § LL’s GARCH model including rading activity variable;
R=e,
b =g a6 sk sayn,
Model 6 LL’s GARCH model without trading activity vanablc:
R=e,

h¢2=.o*.l.lz'-l ’clht-l



EXHIBIT 2

SPECIFICATION TESTS FOR EARCH AND GARCH MODELS. THE MODELS ARE
FROM NELSON [1991] AND ARE BASED UPON ORTHOGONALITY CONDITIONS
WHICH ARE OUTLINED IN NEWEY [1985]

63

10.

1.

E(z)=0

Biz)-10

El(z -1 - 1))=0

B2 -10z2,-1)=0

-1 ,-1)=0

Bl - 1022 -1))=0

El(2 - 10> s-1))=0

E@z,7 ,)=0
Bz, =0
Bz, 90
Ez,z, )=0

Bz, =0

where 7, is the normalized residual or 2, = €,/ 0,



TABLE 1

CANADIAN SECURITIES EXAMINED IN STUDY.
THE TICKER SYMBOL AND NUMBER OF OBSERVATIONS AVAILABLE ARE LISTED.
ALL OF THE CANADIAN DATA IS TAKEN FROM TRADING ON THE TORONTO STOCK
EXCHANGE BETWEEN 84-01-804 AND 91-07.31.

Company Name
Alcan Alumwuam Lid.

BCE Inc.

Brunswick Minang & Smclimng Corp. Lid.

Bank of Nova Scona

Bow Valley Industnes Ltd.

Breakwater Resources Lid.

Imasco Lud.

Labait, John Lid.

MacMilhan Bloedel Lid.

Moore Corp. Lad.

Mantime Telegraph & Telephone Co. Lid.

Inco Lid.

Noranda Inc.

Northem Telecom Lsd.

Ranger (nl Lud,

Royal Bank of Canada

Scott Paper 11d.

TransCanada Pipelines 1.id.

Scagram Co lad.

Weston, George [id.




TABLE 2

AMERICAN SECURITIES EXAMINED IN STUDY.
THE TICKER SYMBOL AND NUMBER OF OBSERVATIONS AVAILABLE ARE LISTED.
ALL OF THE AMERICAN DATA IS TAKEN FROM TRADING ON THE NEW YORK
STOCK EXCHANGE. THE TIME PERIOD FOR THE DATA IS 84-01-04 TO 91-07-31.

Ticker Number Of Steck Exchaage
Symbei Company Name Observations Avaliable Traded On

AA Alwnnum Co. of Amenca 1911 NYSE

« Chrysler Corporation 1908 NYSE

DD DuPomt (E.L) DeNemours & Company 91 NYSE

DEC IDvgital Equipment Corporation 1911 NYSE

DIS Walt [hsney Company 191 NYSE

DOW Dow Chemical Company 1908 NYSE

EK Easiman Kodek Company 1910 NYSE

GM General Motors Corporation 1908 NYSE

HAL Halliburton Company 1908 NYSE

IBM Intemational Business Machines Corporation 1908 NYSE

IRC Inspsration Resources Corp. 1908 NYSE

MCD McDunald's Corpuration 1907 NYSE

MER Memll Lynch & Co. Inc. 1908 NYSE

NSC Norfolk Southem Corpuoration 1911 NYSE

oxy Occudental Petroleumn Corporation 1908 NYSE

RLM Reynolds Metals Company 1910 NYSE

DY Teledyne Inc. 1909 NYSE

TGT Tenneco Inc 1908 NYSE :
VAT Vanty Corporation 1175 NYSE '
XON Exzon Corporation 1910 NYSE ‘




TABLE 3

AVERAGE VALUES OF THE TRADING ACTIVITY VARIABLES
TIME SERIES FOR THE CANADIAN SECURITIES

SECURITY QUOTES TRANSACTIONS VOLUME
AL 150.8 1699 1626
B 1336 73 78.5
BMS 10.1 hR | 19.6
BNS 103.4 221.0 142.4
BVI 26.6 s 1511
BWR 50 4.6 919
IMS 4.4 632 517
LBT 325 9.2 6b.4
MB 46.6 2.2 124.5
MCL 54.7 662 105.7
MTT 13.0 167 286
N 126.5 120.0 2212
NOR 98.2 122.1 1107
NTL 98.4 105.8 7.2
RGO 385 68.7 1722
RY 859 1585 1183
SPL 9.2 bl | 280
TRP 513 1069 866
vO L8 74 598
Wh 15.2 iz 23

AVG. 648 940 101.2




TABLE ¢

AVERAGE VALUES OF THE TRADING ACTIVITY VARIABLES
TIME SERIES FOR THE AMERICAN SECURITIES

SECURITY QUOTES TRANSACTIONS VOLUME
x 10
AA 439 130.6 42
C 54.3 302.0 3.7
DD 88.7 2735 1.6
DEC 159.4 366.9 64
DIS 102.0 291.5 4.4
DOW 845 3134 23
EK 75.2 386.6 30
GM 774 4199 23
HAL 456 1348 34
IBM 212 8343 24
IRC 5.0 347 1.6
MCH 60.0 304.2 26
MER 536 2120 4.7
NSC 89 98.9 L6
OXY 4.0 408.7 34
RLM 429 90.3 4.6
™Y 77.3 100.3 23
TGT 55.1 207.0 2.7
VAT 3.7 104.6 27
XON hK AL 396.4 09

AV, 68.8 2706 08



TABLES

ARCH TEST FOR VARIABLES.

AVERAGE CHI-SQUARED STATISTIC FOR ALL TWENTY CANADIAN SECURITIES
AND ALL TWENTY AMERICAN SECURITIES ARE GIVEN FOR THE TEST OF ARCH
VERSUS THE NULL HYPOTHESIS OF NO ARCH EFFECTS UP TO LAG 6. THE TEST
IS GIVEN IN ENGEL [1982). THE TEST STATISTIC FOR ARCH LAGS UP TO ORDER

6 IS DISTRIBUTED AS ..

ARCH Model Tested

Variable,=¢,

2 2 2 2 2 2 2
€, =0o 8,8, Y818, 1+ ByE, 3 * B L, ( *BE, (+ Bl o

VARIABLE CHI-SQUARED STATISTIC
TSE Listed Stucks NYSE Listed Stecks
Returns 189 233
Quotes 801 764
Transactions 657 894

Volume Y6 171



TABLE 6

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
CANADIAN DATA. LOG 1IKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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R=a+bR, _, 4co}u,
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In ~.a+inf]l +8u + —
(¢})--a+In(1+8x,fn) (-aL-8,05

[02'_’ *7( lz-l l -Elz|_| D]

OEOERECED R

oo ~wegryp—

§-12.10 -i6.15 YK} B B -24.21

2525 0.19 116 B 1356

0.26 17 80 102 . : 1340 6957

[ ) 0012 094 0.24 3.08

0.084 0079 0.067 0.3C 0.23
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002 uni4 4.76¢-03} f . ' 51 1.62
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TABLE 6 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODFEL | AND MODEL 2 FOR TRE
CANADIAN DATA. LOG LIKELIROODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R=a+-bR, ,+co}+s,

In(o?)=u +In(1 +8x, o)+ —L T 07 +v((2, ,|-EIZ, D)
(1-4,L-4,L%)
BNS N
Tramsactions| Volume | - (Model 2)

am 5437 $3e8 7
[a Qo2 | a7 [ a;: [ 765 [ oas | 7o [ 179 238
B EZX 2679 3031 5726 2633 0SS 077 61.59
(5 § 002 0.13 011 4200 § 0088 R 7 18559 0.026
[ § oo 0.89 115 0076 01 nou 004 0.46
§ v ] o4 030 034 0.30 0028 0057 0.059 015
B EE 4.50 4.64 420 1.79 170 496 M
ja ] 1w 1.81 1.78 17 H oo sesem]  ssseor] 1w
B EE 17.02 15.08 04 o 04 0.4 021
2, § o8 0.8 079 074 1 097 09n 0.9% Y
[ fno .79 681 TR EX 78.24 6l 467
{ v § 096 095 0948 091 f 224 1.44 .46 o
B EX -18.84 1672 1047 0 146 160 317 1031
o § 0078 0.080 0058 ooeh | ooz 0014 non 0054
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CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND

TABLE 6 (cont’d)
MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE

t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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in(o})=a +In(1 +8u,+fn) +— " T0) __taz .y((Z, ,|-E|Z, D)
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Bv] BWR
Quetes |Tramsactions| Velume |- (Medel 2) Quates Transactions Velume - (Miedal 2)
529% 5245 5219 S140 390l nmm a4 3657
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TABLE 6 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 6 (coat'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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R=a+bR,  +co; e,
In(o))=a +In(1+Bu, )+ — T __{0Z,  +y(IZ,.,|-E|Z,., D)
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TABLE 6 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL | AND MODEL 2 FOR THE
CANADIAN DATA. L.LOG LIKELIHOODS ARE GIVEN AT TOP OF COLLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 6 (coat’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL I AND MODEL 2 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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NOR NTL
Quetes | Tramsactions| Velume - {(Medel 2) Quotes | Tramsactions] Velume |- (Model 2)
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TABLE 6 (comt’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1| AND MODEL 2 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
T-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE ¢ (coat’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 6 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE?

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 7 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 7 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
AMERICAN DATA, LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 7 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 7 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1| AND MODEL 2 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 7 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL i AND MODEL 2 FOR THE
AMERICAN DATA. LOG LIKELINOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THLE PARAMETER ESTIMATES.
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TABLE 7 (comt'd)
MAXIMU * LIKELIHOOD RESULTS FOR MODEL & AND MODEL 2 FOR THE

AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
¢-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 7 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL | AND MODEL 2 FOR THE
AMERICAN DATA. LOG LIXELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 7 (comt’d)

MAXIMUM LIKELIROOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE 7 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 1 AND MODEL 2 FOR THE
AMERICAN DATA. LOG LIKELIROODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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TABLE S

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
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AL B

Quetes |Tramsections| Velume | - (Model §) Quetes | Tromsactions] Velume |- (Medel 4)
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TABLE 8 (cont’d)
MAXIMUM LIKELIHROOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.
L N ]
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137 12.46 13.51 - 3.55 0.11 400 -




TABLE 8 (coat’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
¢t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

——— A
R-c,
W(o)=asinifn)—LTD__joz  oy(i2, ,I-E12,,D)
(1-a,L-A,1L)
i BWR

% Quetes | Tramsections] Velume | - (Medet §) Quetes | Tramsactions] Veluwe |- (Medel &)

5298 53% ns 288 e 3068 s 383
« -11.26 951 -123 634 391 9.%0 -3.78 -5.02

-28.79 9.68 931 -18.03 -24.00 -23.32 -22.3% 9.11
Y 0.054 0.2 0.23 0.34 0.19 0.052 0.078 0.54

282 1.61 1.65 3.40 4.07 209 3.0t 346
4, 1.78 1.38 1.50 0.036 1.03 1.96 1.90 0.9

6 1.16 1.64 0.27 204 6944 21.48 1.35
& 0.78 0.40 0.5} 0.56 0.39 096 090 028

295 034 £0.56 7.08 -0.08 -34.2 -10.19 0.56
v 0.99 0.64 0.73 0.54 0.59 097 094 0.4

-71.00 0133 -1.49 1.22 -2.48 4296 -16.50 -1.04
] 0073 ©0.13 £0.092 0.018 0.036 0.063 -0.058 0.051

<292 -1.42 -1.28 0.31 -1.42 441 135 0.58
v i.19 0.50 0.50 0.50 1.53 1.93 1.46 0.50

25.24 26.42 1% 30.07 21N 21.08 2173 28.00
f 0.43 0.36 0013 - 0.28 0.14 0.014

395 1.04 lm - 284 3133 5.2




TABLE 8 (cont’'d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R -
R,
In(0})=a +iafn) ‘——gl—""’"‘.—)'_M-l 1z, 1-ElZ,, D}
(1-A,L-A,LY)
iMS LST
n ] Quets [Tramsactions] Votume |.(Mett ) § Quates [Tramsections| Velume |- (Medet @
sens Saed s sm s s -n 5317
all -no 1826 283 369 -1499 -16.01 -19.88 174
-38.43 on 915 63.14 7.4 052 4636 -29.96
Y 021 017 020 029 0.086 0.087 0.1 0.9
334 3.25 3.50 366 6.06 am 32.30 283
af oe 052 036 083 -374e03 | -366e03 | 13303 | 015
1.28 132 1.30 1.99 069 090 311 051
s o3 0.46 0561 0.14 099 099 1.00 071
075 120 2.2 035 2004 259.0 17490 29
vl 0% 030 018 049 0.6 0.6l 077 1.05
081 087 053 -175 2 424 46.48 4.10
o f -oom 0093 0,09 -0.090 0016 0016 | 9.54e-03 | 599e.04
2.9 EYE -2.96 240 4.04 17 -5.55 0.01
v 1.27 138 124 093 .68 1.68 2.49 0.0
24.96 nn 23.19 32.24 2398 229 165.33 23.33
f 021 192.4 0.036 . 17.62 199.8 4.260+05 -
521 001 3.94 - 39 0.03 265 -




TABLE 8 (coat’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R
R,
(o)) a i) —FD __foz  oy(z,,|-£12, DI
(1-A,L-A L)
MB MCL
Y Quates |Tramsactions] Velume | - (Medet &) Quates | Tramanctions|! Velume |- (Medal &
5528 [~ 5518 S4 5861 L Ly J LY k3]
« -13.38 -17.18 -8.76 622 -11.99 -13.42 N -8.7%
-26.13 -1.08 -13.67 149 -21.47 -5.15 -51.64 -52.55
b4 0.11 0.1l 023 0.5 0.19 0.13 026 0.29
594 6.35 2.19 343 4.10 3.54 4.40 4.26
4 -4.01e-03 4.45¢-03 0.022 1.42 033 047 0.86 1.30
0.37 0.31 0.25 434 1.34 110 2.53 5.54
&, 1.00 1.00 093 043 0.66 0.50 0.13 -0.30
90.14 69.53 1067 -1.33 267 1.21 0.38 -1.3%
v 095 093 1.45 0.81 047 0.21 0.59 0.3t
24.17 10.24 2.14 -5.89 0.57 052 -3.09 904
o -0.030 003t -8.30¢-03 0.049 0.049 0.055 0.053 0.047
-29% -3.15 02§ 0.58 -2.61 -2.33 209 -1.58
v 1.42 1.41 0.50 0.50 1.64 141 134 1.14
26.79 nm 29.35 28.57 21.90 2326 2417 26.12
f 8.2} 265.5 0.045 - 0.58 1.65 0016
5.28 0.06 2.36 - 254 0.3 4.09




TABLE 8 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE

CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND

t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R=e,
in(o})=a i) —1ID __joz  oy(iz, ,|-EZ, D)
(1-4,L-ALY)
MTT N
Quates Tramsactions | Velume - (Meodel 8) Quetes Teansactions] Velume |- (Medel §)
% nn [ [< -] 4958 9» o924 4798
-20.81 -11.91 322 -7.88 -10.01 -19.71 978 RN
-31.21 -15.99 -24.31 -21.38 -28.26 -1.68 -2497 -52.74
0.80 003 0.76 0.74 0.028 0.048 0087 0.14
495 0.25 4.44 4.29 097 1.8 4.18 3.08
018 0.27 0.72 0.70 0.16 0.12 9.28e03 0.65
-1.57 0.02 3.26 3187 1.28 0.94 037 0.54
0.61 0.47 0.22 0.25 0.8? 0.87 098 033
s 0.03 1.16 1.41 6.5% 697 39.42 0.28
097 0.37 0.76 0.80 4.66 228 1.28 0.19
29.06 0.02 -4.29 -5.90 0.85 1.5% 3.56 002
0D.049 5.56¢-03 0.086 0.10 0.015 0.033 0.045 0,054
0.54 0.03 0.84 -0.99 093 -1.83 -3.45 -2.44
0.50 3.00 0.50 0.50 1.80 1.6 1.68 1.28
2762 1.16 27.14 27.38 20.46 19.49 20.66 262
1.99¢+04 59.78 8.60e-03 - 0.21 1.37e+07 0.051 -
1.59 1.68 1.78 B 5.36 0.09 249 -




TABLE 8 (cont'd)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

-

R=e,

=g+ +_££.'L. + -E
In(o))=a +inifn) A Loy Uz B,




TABLE 8 (coat’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
-STATISTICS ARE SHOWN BELOW THE PARAMETER . STIMATES.

R=e,

casimipn)—L2¥D oz . -
o) a ) e g Vel DI




TABLE 8 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R,

JRPPRR (05 / . -
(c)=s +iaifn) VR Wl Eiz, Db

Lot
0.87
0.50
3.17¢-0%
007
0.50
2690
0.62
0.48




TABLE 8 (comt’d)

MAXIMUM LIKELIROOD RESULTS FOR MODEL 3 AND MODEL ¢ FOR THE
CANADIAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R=e,
“‘b" sin(fa) a-¥h oz, +v(iz, ,|-EiZ,_. D}
Q —A.L-AJ-')
vO wN

» Quates | Tramsactions] Velume | - (Modut § Quetes |Tramsactions] Velume |- (Meda §

;s ST [ ) %5 @ ] 2 €017
« 1267 1899 -18.94 363 1235 9.08 a1 164

-24.04 47 -26.00 9324 -15.5? -17.9) -18.00 -17.00
Y o 0.13 012 020 023 0.65 081 06l

148 39 4« 392 444 1N 3.53 3.0
A, 020 186 1.96 029 0.15 043 0.66 029

024 30.04 1573 J‘ . 032 1.40 1.2 208 1.00
Ay o 086 0596 0.66 081 0.4) 0.30 062

093 -14.08 -nos 091 s.10 1.44 098 238
v 064 096 -1.01 os 0016 on 04 0.061

0.60 -30.13 1992 0.52 0.08 067 -1.48 0.16
] 0060 0074 5041 0.061 7.24e-03 0.0% 0084 794003

324 359 289 -2.60 0.30 on 096 0.10
v 1.64 1.60 1.43 1.2 1.08 0.50 0.50 0.50

nn 20.16 2092 2.% 2392 26,68 2.10 nn
f 057 398.1 409.1 - 210 025 0011

194 037 1.4 - 1.1 193 188 .




TABLE®

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R,

za+inlfn)—0YD a7 . -
n(o))=a +ia{fn) (1-&.:.—4')(“"' vW(IZ.,|-ElZ, D]




TABLE 9 (cont’d)

MAXIMUM LIKELIHNOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R=s,
a(o))-a sy — TR0z, o1z, ,|-B1Z,., D)
Q-8,L-4,L%
bD DEC
» Quetes | Trossactions| Velume |- (Mool § Quetes [Transactions| Velume |- (Motnt @
am S0 soe » ”33 s «“5 «“0
a -16.48 -16.04 22.21 4.3 9.57 -1¢.53 -19.57 758
-127.2 0.12 956 £3.34 3661 09 031 92.33
b 4 0030 0.12 6.71e-05 0.16 0.08) 0.092 a.n 0.12
289 429 0.20 400 3 L X >4 1.36 R
a, 199 4.85¢-03 1.08 L® 003 2.44¢-03 0.049 026
568 4 0.11 402 1L -2.67 0.04 3.04 0.64
&, 09 0.96 0.081 £0.90 097 0.95 095 0463
-2809 2278 030 -393 63.35 1747 Hol 1.9
v -1.01 0.81 1.97e+03 090 108 0.75 112 L.»
-263.4 268 0.19 -1.53 16.24 195 503 1.64
] 0019 D0 -3.03e-08 0.053 0.048 0014 -1.23¢-03 0.029
319 -3 0.20 -251 307 112 2.2 -1.90
v 1.45 1.37 1.46 1.32 13 1.60 195 134
4.5 26.73 29.37 2497 N2 5443 76.60 2.0
f DM 3.66 3.65¢+03 - 0.027 256.7 110.7 -
10.39 001 044 - iio 0.02 0.04 .
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TABLE 9 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIROODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R=e,
o) asim)— 10z iz, ,1-E12, D1
(1-a,L-4,L)
s DOW
n Quetes | Tromeactions; Velume | - (Medet 4) Quetes {Tronsections|! Velume |- (Meodal &)
168 S1eé 208 L s 5313 37 22
[} -14.02 -15.03 1584 $.00 -10.54 -11.63 BINI) 321
209 0.4 594 -S1.81 -29.18 -3.95 698 63.08
Y 0.14 0.18 0.19 0.y 0.21 0.23 0.20 0.19
4.4 4.66 594 590 5N 523 5.08 508
& 192 191 1.¢6 1.43 1.77 1.78 .9 0.47
6494 61.56 10427 4T 26.43 16.80 16,68 0.61
4 092 095 096 o044 o omn oM o
3508 -29.36 -5094 -1.5 -11.57 -7.50 -7.43% 0.65
v 099 0.9 099 H.71 09% 093 092 0.14
-206.0 -245.8 -228.1 -3.33 -46.68 -17.81 -18.24 0.20
[ ] 0.084 0.11 0078 0.043 0.14 013 0.12 0.054
aAn 39 -390 -1.96 -$97 4.67 498 -2.89
v 1.26 1.26 1.3 1.21 1.48 1.44 1.57 1.31
44.65 2.4 3596 114 2369 22.60 2381 26.12
f 362 38 1228 - 0.14 0.10 14.28 -
0.65 0.0} 033 - 2.9 0.49 0.57
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TABLE 9 (cent’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R=e,
In(o))=a *I-(h)*—-i"-ﬂ‘-)—-ﬂ.. Wiz, |-Eix D
(1-AL-A.LY
EX GM

n, Quates |[Tramsections| Velume | - (Medel &) Quetes §Tramsactiens| Velume |- (Medsl ¢

S s L L~ 5383 Ly 538 5309
a -17.5% -14.28 -16.05 429 -10.4% -15.90 -19.74 -8.30

.23 -1.0% A7 -74.54 -41.67 40.10 . 40.74
Y 010 0.14 ol 025 0.13 0.15 0.085 0.16

160 250 4.66 434 316 147 7.18 473

a, 1.89 1.3 195 113 K, ) 1.7 196 183

4578 .39 15695 1.51 .27 8.24 2334 15.13
&, 039 03 095 0.16 0.7 o7 0956 083

-21.48 037 -76.57 o3 370 -3.5% -114.8 699
L] -1.01 057 099 042 091 058 -1.0t 0.94

-194.3 090 -328.0 068 398 $.11 -251L6 -16.2%
] 9.68¢-03 0.017 0.044 0.051 0.080 0.14 0.091 0.63

0.52 093 -2.74 -1.97 -3.09 -3.86 -3.19 -3.63
v 1.46 1.58 1.67 117 1.43 1.34 174 1.40

31.52 17.09 53.06 30.51 2695 25.68 3495 638
f N 082 70.74 . 0.091 430 959.7 -

1765 0.08 020 - wn 0.01 3158 -




TABLE 9 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODE!. 3 AND MODEL 4 FOR TRE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
¢-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R=e,
(o) smifm)—F0 oz oy(iz, ,1-El2, )
Q-AL-ALD)
HAL i

Quetes | Troasactions| Velume | - (Medel 4) Quetes jTromsactionsn] Velume |- (Meodel 4)

434 "1 9910 433 S50 562 70 5615
-12.26 -17.37 9.36 -7.851 -17.89 -19.30 -18.66 -3.69
-110.4 0.07 -36.98 7375 -55.28 -1.64 953 -10L8

1.65 0.20 0.22 0.23 0.031 0.031 o1 0.14
98.83 494 412 498 29 267 285 407
0.60 023 09% 0954 1.94 1.94 0.064 0.082
12.17 1.73 2.45 1.76 97.22 132.85 0.32 0.29
0.23 0.4 0.028 0.025 094 094 08 037
50 5.6 0.07 0.05 -47.12 -64.46 4.50 529
0.056 0.058 0H.51 0.45 -1.02 -1.02 0.60 0.63

1.08 0.28 -1.80 -1.18 -127.% -1529 1.08 1.%0
0.15 0.10 0.10 0.054 0.049 0,048 0.066 0.062
-10.6% -5.08 -3.10 -2.21 -3.86 435 -2.92 3.42
3.00 1.9 1.37 1.22 1.4 1.38 1.44 1.36
79.5% 29.25 28.11 2680 3049 40.13 3497 4.06
43 8698 1.06 - 16.06 23719 B.64c403 -
21.66 0.00 i - 439 0.0% 0.51
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TABLE 9 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R=e,
(c)=a ’Hﬁl)’—"‘(‘ﬂ"")'— oz, ,~v(iZ. | -ElZ_ D
(1-A,L-3,0%)
mC MCD

" Queltes | Trossactions] Velume | - (Meddd 4) Queates |[Tram-tiema| Velume |- (Medd §

@953 «are Qs 4312 ssn2 5366 3N Lyt
« 5.4 949 249 493 -1932 -20.33 -11.60 -8.34

-14.90 1398 -1597 -1.62 -1.36 -1.49 7.9 £5.00
4 0.36 0.36 0.36 033 o.10 0.1 0.15 024

263 2.94 300 243 323 AL 395 492
4, 0.26 0.26 026 o 0.063 0.054 0.063 .23

0.5 095 097 0.54 0.53 0.75 0.9 i\ 7
4, 076 0.76 0.76 0.74 o 090 038 024

39 2mn 28 186 7.07 7.19 718 048
v 0.076 0.076 0.076 021 0.50 042 054 047

0.15 0.16 0.16 031 1.23 1.02 145 -3.40
] 0.098 098 £0.098 0.0%7 0.075 0.041 0.061 036

-1.60 -1.67 LN 0.36 4.34 -3.10 3 -1.66
v 0.50 0.50 0.50 0.50 1.74 1.69 1.61 1.46

27.90 28.47 30.74 2602 24.67 28.13 21.57 2466
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TABLE 9 (cont’d)

MAXIMUM LIKELIROOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

g

R,
in(o)=a vialfn)s —LID 0z .1z, ,1-812, D)
(1-4,L-A.LY)
MER NSC
» Quates |Tronsections] Velume | - (Medel & Queles |[Tramactions|] Velume |- (Modst &
4806 < 497 497 5887 5529 528 $474
o -179% -17.72 -20.3) -1.5%6 -3t -10.82 -10.29 2.46
0.40 0.09 094 47.88 -18.35 -19.38 -26.02 -41.67
b 4 0.16 0.10 0.15 028 0.30 0.3t 027 0.38
3.7% 282 6951 58 5.37 5.79 5.48 682
A, 0.19 0.16 0.28 1.42 0.43 039 0.38 0.9
195 1.66 1.63 693 3.10 288 243 4.47
' 09 0.82 0 043 0.54 058 0.59 0022
s.10 3.61 4.20 =214 4.04 438 1.86 0.10
v 0.16 0.11 0.16 083 043 036 0D.32 0.468
-1.21 0.68 0.63 970 -3.10 -2.48 -1.92 £6.64
(-] 0.10 0.099 0.10 0071 0.13 013 012 0,079
42 -3.8% 592 -2.64 -3.70 3.7 -3.65 -2.29
v 1.40 1.36 1.54 1.26 1.3 1.26 1.27 1.17




TABLE 9 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R,
ka(o)-a i) —TD__mz vz, ,I-BIZ, DI
(-AL-A L%
oxXY RLM

o, Quates | Trossactions| Velume | - (Medel &) Quetes [Transactions} Velume |- (Medal §)

0 S194 25 7 som 5000 L.} 907
« -10.33 -13.94 -11.04 -7.85 990 -17.13 927 -7.85

-165.02 011 -1368 -30.68 &, X &) 0.15 -19.9 -9.9
Y 1.45 0.54 036 039 0.1§ 0.17 o 029

91.37 15.70 6.18 54 19 iR 4.5 533
a, 1.63 1.46 099 026 0.27 027 1.68 1.52

1181 20.40 470 4.13 1.3% 163 .13 9.08
4, 0.9 0.46 -1.96e-03 0.7% 0.72 0.72 0.63 0.52

-$3.67 545 0.01 1228 364 4.38 -4.55 3.4
v 079 0.8 0.75 098 .18 .18 0.99 048

49.18 -23.60 -8.27 19.31 0.57 012 -14.68 -15.596
® 0.17 0.094 Q.16 0.18 0072 0.091 0081 0027

-20.83 -1.84 -39 -4.32 -2.65 -3.24 2.65 0.98
v 3.00 1.23 1.32 0.85 1.42 138 1.50 1.36

104.5 36.30 23.14 2693 33.45 3597 3045 2595
f 036 5207 6.30 - 0.20 1363 0.5 -

20.81 0.01 L.16 - 5.76 0.01 370 -




107

TABLE 9 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE PARAMETER ESTIMATES.

R,
W(o)=asiaim)—LED 10z oy(iz,,1-E1Z, D)
(1-4,L-A,L%)
DY TGT

» Quetes §Transactiomn] Valmme |- (Medel ) Quates | Transections| Velume |- (Medsl §)

1% SE26 5624 5408 5529 5506 $5» 3437
a -19.8% -18.9% -17.54 -8.35 -10.57 -15.86 -13.28 -3.42

-53.67 -1.70 -11.03 -28.29 -$9.29 0.14 -14.00 -74.3%
Y 0.15 0.28 031 0.40 0.13 o 0.13 0.13

3.9 .57 7.86 664 i2s 403 6.70 320
A 1.80 1.78 1.76 0.58 1.64 .n 197 0.09%

33.22 24.29 21.85 578 169 11.89 e 0.44
8, 0.81 078 0.76 0.11 0.64 0.72 097 0.85

-14.88 -10.70 945 0.7% 3.07 -5.11 -191.3 4.26
v 094 094 £093 0.62 £0.88 091 -1.10 1.29

-44.60 -28.85 -29.82 £5.49 -10.79 -13.87 -2559 2.74
[ ] 012 0.066 0D.049 £0.066 0.10 0.12 0.071 0.0%3

-8.60 3.46 -2.40 -2.16 -2.88 -3.20 AN 234
v 1.17 1.3 1.36 105 1.32 1.28 1.46 1.24

389" 38,39 3341 39.34 34.42 29.62 30.56 30.52
f 1.04e+03 183.1 1.5¢+03 - 0.14 8.4 385

4.44 0.09 0.69 - 5.28 0.01 094




TABLE 9 (cont’d)

MAXIMUM LIKELIHOOD RESULTS FOR MODEL 3 AND MODEL 4 FOR THE
AMERICAN DATA. LOG LIKELIHOODS ARE GIVEN AT TOP OF COLUMNS AND
t-STATISTICS ARE SHOWN BELOW THE

PARAMETER ESTIMATES,

AR - )
R=e,
in(o))-atain)+—L D 10z vz, |-E1Z,, D)
(1-AL-A L%
VAT XON
Quetas Transactiens] Velume | - (Medal §) Quabes Transactions | Velume |- (Modal &)
k] 2957 »2 2008 604 L. 4 5652 5566
14.44 -14.44 1444 -595 -11.04 10.44 -14.94 -3.56
44.63 997 -3498 -19.9§ -21.20 -1491 093 -101.2
0.5) 053 0.53 042 0.20 0.23 0.19 022
15.83 13.12 1351 380 597 5.9 6.40 5.48
0.30 0.3 0.30 0.053 0.029 0.068 0.017 0.2%
14.20 12.87 1233 0.20 0.88 115 0.7 0.56
0.70 0.70 0.70 0.61 0.89 0.57 092 0.64
nn 30.58 29.26 2.56 313.66 1638 5297 1.52
0.47 047 047 1.8 0.37 0.38 0.46 041
-11.99 -11.10 -10.70 157 2.29 1.2 178 0.70
0.036 0.0 0.036 £0.0717 0.12 £0.10 012 0.099
1.18 1.06 1.18 -1.18 -5.37 463 502 4.11
0.50 0.50 0.50 0.50 151 1.42 1.55 1.36
51.07 43.25 48.54 26.08 22.68 24.34 23.04 25.2%
19 0.11 367 . 0.22 0.015 6725 -
229 0.59 238 - 2.26 1.21 0.06 -
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TABLE 10

NUMBER OF SIGNIFICANT EARCH PARAMETERS Y, A, 6, AND yIN MODEL 1.
THE NUMBER OF THE EARCH PARAMETERS THAT ARE SIGNIFICANT IN MODEL 1
IS GIVEN FOR THE VARIOUS CASES WHERE THE TRADING ACTIVITY VARIABLE

IS SIGNIFICANT, NOT SIGNIFICANT, OR NOT PRESENT (MODEL 2). THE
LEVEL OF SIGNIFICANCE IS 0.05
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TABLE 11
NUMBER OF SIGNIFICANT EARCH PARAMETERS ¥, A, 6, AND Y IN MODEL 3.
THE NUMBER OF EARCH PARAMETERS THAT ARE SIGNIFICANT IN MODEL 3
IS GIVEN FOR THE VARIOUS CASES WHERE THE TRADING ACTIVITY VARIABLE
IS SEGNIFICANT, NOT SIGNIFICANT, OR NOT PRESENT (MODEL ¢). THE
LEVEL OF SIGNIFICANCE IS 085
Canadian Duta
Number of Toding Acaviy
Significant Quotes Transactions Volume Toa Variable Not
EARCH Parsmacien Presont
Mode! 4

racing Actvaty 0 ¢ 1 0 1
""""ﬁ ) 3 1 2 6
2 3 1] 2 s
3 3 0 3 6
4 6 0 4 10
5 3 3 4 10

rading Activity 0 (1] ] 1 2 0

anable Not ) ) 2 0 2 i

2 I 3 1 5 6

3 0 I i 2 |

4 1 s 0 6 5

s 0 3 2 s 0
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TABLE 12
GARCH LOG-LIKELINOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
CANADIAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
THE ROWS LABELLED SUM o'S GIVE THE SUM OF THE a, AND a, COEFFICIENTS IN
THE GARCH MODELS.

R

3113,
18043
024
-10197 61

€568 .08
0.0%
-1311508
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TABLE 12 (cont’d)

GARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
CANADIAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
THE ROWS LABELLED SUM 'S GIVE THE SUM OF THE a, AND o, COEFFICIENTS IN
THE GARCR MODELS.

N

5795.51
19.56 2.57
0.09 054

-11467.16] -113560.30] -20827.02
s .» 12118 s2s1..8
1888 16l 439
011 012 093

-11533.761 -1141209] -10333.35
S724.24 6719719 5329.53
15.70 1746 13.97
0.i6 0.40 053
-11418.28] -1132937] -10828.88

3419.24 5606.12 5640.17 2.4 5640.29
097 0.95 079 093 097
6815811 -1113958] -11257.68) -10831.70) -1127392
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TABLE 12 (cont’d)

GARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
CANADIAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
THE ROWS LABELLED SUM a'S, GIVE THE SUM OF THE o, AND o, COEFFICIENTS IN
THE GARCH MODELS.

MTT

GARCH MODELS

05418 4731 S17n2 $293.0% ] 425367
16.45 on 236 197 s
0.22 098 0.8 0.14 oM
1201800 oass2s| -iov1e08 | -tossssa] semra2
We68Y| atei2a] sizsa] suwaz] awees
298 10.50 658 172] 2899
on 022 042 (114 ] a.08
-11943.46 998261 -10%38.471 1057001 | -£760.68
$992.98% 4762.31 S223.28 $271.18
508 1166 °» 1.46
0.6 0.17 012 0.9
-119%5.76 9494 41 [ -10416.35 ] -10512.14

5948.92 T s17191 sistio
050 097 0ss 096

-11874.%9 S4S1LR0 L 102018 ] (1028084
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TABLE 12 (ceat’d)

GARCH LOG-LIKELIROOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COREFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
CANADIAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
THE ROWS LABELLED SUM a’S, GIVE THE SUM OF THE o, AND a, COEFFICIENTS IN
THE GARCH MODELS.

Ly

5.

0.13

034

-12129.13

971141

6090.90

4437.90

783

10.52

009

052

-12151.59

9645.78

4816.0)

1.30

s

0.20

082

-12145.70

1112414

6078.14

545875

096

078

-12133.62

~10094.85




TABLE 13

GARCH LOG-LIKELIROOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
AMERICAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
THE ROWS LABELLED SUM a'S GIVE THE SUM OF THE a, AND a, COEFFICIENTS IN
THE GARCH MODELS.




TABLE 13 (cent’d)

GARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
AMERICAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
THE ROWS LABELLED SUM a'S GIVE THE SUM OF THE o, AND a, COEFFICIENTS IN

THE GARCH MODELS.

s

16.74

023

-10434.32

s210.7

3.4

034

0.5

-10%91.18

-11163.12

$221.74

5613.15

fi1-um

1474

13.37

999

n24

-10413.26

315754

098

-10352.42

116
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TABLE 13 (coat’d)

GARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
AMERICAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
THE ROWS LABELLED SUM oS GIVE THE SUM OF THE o, AND a, COEFFICIENTS IN
THE GARCH MODELS.

e

5246.16 4718.85 342.57

140 18.78 812

0.16 LA | oM
~10662.1§ 990748 -10820921 -

5259.19 1708.19 404361 499619

49 13.38 1.9 176

0.8} 028 0.63 076

-10483.17 9396.16 | -10778.50] 9962.16

5300.37 47064 5395.43 51054

10.58 14.28 10.54 19.28

061 0.26 0.72 063

-10570.53 9382581 -10760.64 | -10180.58

$252.37 4581.47 536%.67
097 0,61 0.93
-10482.08 9144271 1070867 | -




TABLE 13 (coat’d)

GARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
AMERICAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
THE ROWS LABELLED SUM a’S GIVE THE SUM OF THE a, AND o, COEFFICIENTS IN

TRHE GARCH MODELS.

_ P

5518.75
2354
0.87

5516.84
09
-11011.02
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TABLE 14

EARCH LOG-LIXELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
CANADIAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.

R R, A R

¢738.29
108
-13383 .95
874503

”21
-13407 42

38875
REIRLY &

e770.80 . 5202 95
395
-10525 49
5330.29
104
-10818.17




TABLE 14 (coat’d)
EARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT O TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
CANADIAN DATA. THE SIC CRITERIA IS LISTED FOR MODEL SELECTION FURPOSES.

576628
-11462.621 -11449.47

5885.24 5868.34
521 839
1171005 -11676.23 -11661.6)
$363.85 575201 5809 .40
0.01 0.03 0.38
-11667.271 -11443.60 -11558.37
584131 4874.12 5787.62
394 2.65 . 409
-11622.20] -9687.82 -11514.82

5TN.e 5817.05 3 573%.10
-1149050 ) -11581.22 -11413.32
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TABLE 14 (comt’d)
EARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
CANADIAN DATA. THE SIC CRITERIA IS LISTED FOR MODEL SELECTION PURPOSES.

6155.20 5350.77
1.88 A 0.07 4.07
-l21.7 -10628.91 § -10672.99
611963 532857 535482
256 1 0.33 o
-12143.64 -10566.50 ] -10619.00
6139.74 531490 5349.65
3.40 0.63 250
-12180.87 -10539.16 ] -10608.66

604844 5228.35 5235.11
-12013.82 -10373.61 | -10397.14

6475.81 $353.06 $3IN0.34
1.59 536 515 508
12W121| 984936 1064560 | -1070025
319224| 495938] 5047311 535489
1.68 0.09 0.02 097
-5324.07 9858.34] -10034.19] -10649.36 ] -
A4182| 4978| 48mn1a]| 534606
178 249 361 289
G| emwnas| on3ss| 063t

6427.5% 4798.2} 5225.17 5231.95
-12802.29| 954154 -10397.48]1 -10415.04




TABLE 14 (coat'd)

EARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR
CANADIAN DATA. THE SIC CRITERIA IS LISTED FOR MODEL SELECTION PURPOSES.

6254.71

28

3%

-12418.77

-11403.77

6211.88

5703.95

0.08

0.0}

006

-12333.11

11728

6212.42

3714.13

$706.08

i

2.19

0.07

-12334.20

-11337.63

-11321.52

613336

3642.97

5672.2%

-12188.6)

-11202.83

-15261.42

6245.09

5854.84

5502.99

348

172

1.94

-12429.7%

-11649.26

-11545.55

6205.97

35830.74

5781.65

0.45

0.08

037

-12354.52

-11601.08

-11506.38

6185.54

5817.32

574522

6029.27

0.15

04

1.43

1.88

-12311.28

-11574.20

-11438.01

-11998.19

6130.20

5791.49

5651.20

6017.26

-12207.53

-11530.1

-11249.54

-11981.71




TABLE 18

EARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
AMERICAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.

DD
EARCH MODELS

5252.10f 471880 5476.46
266 23 118
-10413.54 | 934698 ] -10862.26
5226.10| 4653.24 4780 49913
0.03 093 008
-10361.54 ] 9219831 .10851.54] -Un95.94
1.2 a2 47 5217661 446544
092 091 0.20 0.39
-10363.78] 9094.29% 10344656 | -8840.22

515252 4598.32 5400.77 4805.04
-1022193] SH3S5| 1071843 1 968697

5228.73] 440972| S3rza0| e9n2t
498 761 10.39 Y
-10397.02] -8919.01 -10684.36§ -9805.98
454894| 457128] S46026] 492476 .
o e
9037.44| 928211
467242] 441998 455739
1.04 0.08 . 0.04
ama0| Ml - 9054.34

5136.03] 4%98.713 A3P.719
-10219.171 914458} - 970669 1 -10065.91




TABLE 18 (coat'd)

EARCH LOG-LIKELIROOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF

124

COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
AMERICAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.

$319.42

5404.56

4934.24

014

0.24

L.

-10588.19

-10718.47

9783

531998

53938

9145

0.096

0.04

0.01

59

-10549.31

-10580.62

-10605.91

$71%.01

437768

537M0.11

4970.712

47%

031

0.17

0.27

1.39

-9664.71

-10649.56

9350.79

9381.38

5255.11

5292.63

322

433263

5624.33

1713

-10502.16

-10539.35

9582.17

-11165.57

$326.97

5204.37

5382.61

403393

2.89

17.65

wmnm

27.66

-10593.51

-10348.30

-10704.79

-8007.43

$313.32

5225.14

$380.11

4912.48

0.49

0.08

0.01

0

-10566.21

-10389.84

-10699.79

9764.53

-11143.67

5337.00

5301.03

3328.14

4905.99

5709.66

0.57

0.2

35

L s

0.51

-10613.59

-10541.62

-10595.35

9759.55

-11358.39

524636

52,1.13

5309.21

4312.62

-10440.84

-10522.58

-1056%.54

-9612.36
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TABLE 15 (coat’d)

EARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
AMERICAN DATA. THE SIC VALUE IS LISTED FOR MODEL. SELECTION PURPOSES.

§561.28
008
11035 .34
SS9 ] 520028
0.2 0.55
1127 -10968.98 | -10315.85
4097.%9 . .51 5038
319 X . 1.27
-8105.13 | - . - -10974.04

407188 529425 46938 .42 547478 S150.4
-5060.67 ] -10505.41 9313851 -10866.45 ] -10217.71

4353.2 541246 4806.04 $556.69
243 0.0 L1 1473 1.48
B64397] -10764.49] 955164 -1105294
4328.58 5366.35 47853 5.7 SIY
1.6 007 0 157 om
959693} -10672.27 9510.16 ) 1099698 | -10328.00
4325.49 5370.58 4697.1 S528.41 525247
.69 062 0.0 20N 1.16
-8590.55 1 -10630.73] 9333761 -10996.38] -10444.5)

431169 5286.65 $697.07 5474261 511726
3570501 -105204%] 934125 | -10895.61 ) -10IR1 .64




TABLE 1S (cont’d)

EARCH LOG-LIKELIHOOD RESULTS AND STATISTICS FOR SIGNIFICANCE OF
COEFFICIENT OF TRADING ACTIVITY VARIABLES AND MODEL SELECTION FOR THE
AMERICAN DATA. THE SIC VALUE IS LISTED FOR MODEL SELECTION PURPOSES.
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—
RLM ™Y TGTY VAT XON
Nedet 1 EARCH MODELS
Quates | lala 5031.57 ss15.01 5531891 1965.48 3634.57
frum S4s 1.57 sos 162 2.7
sSIC 997248 -1105536] -10973.13] -3886.13] -11218.48
Trans Lali 02568 56284 Sson.18 2981 361584
f t-mm 0. 0.17 004 138 0.06
SIKC 996070 -11166.14] -10925.71 | -4511.37] -11140.02
Velume | Llali 4382.14 563118 5539951 153345 5220.06
fr-nu 7 288 0.56 1412 0.34
SIKIC 9673621 -11170.70] -10989.25] -2902.07 | -10349.46
Medel 2
lals 492627 5434.58 544324 279907 557875
SIC 9IH 44| -1088606] -10007.39] -544198] -11074.40
Medet 3
Quetes lals S000.91 5194.03 3529.08 3001.8 5644.1
Mot 5.76 44 528 229 .26
SIC 9941.38 | -10327.62] -10997.73| -5947.05| -11227.76
Trans Lala 4999.51 5625.86 550592 ] 2937.06 5596.99
fisnt 0.01 0m 0.0t 059 1.2
SIC -9938.58 | -11191.28] -10951.41] -5317.57| -11133.54
Velume | Inla 4936.86 362193 5523 301215 56518
f1-stm 37 0.6 0954 238 0.06
SKC 9913.28 | -11187.52] -11013.03] -5967.78] -11243.16
Moude! ¢
Lnls 4906.85 5485.18 5437.6| 2884.85 5566.14
SiC 9760832 | 1091748} -10822.32] -5720.22] -110719.40




Model |

Transactions

Volume

Model 3

Tramsactions
Volume

Model §

Tmnsactions

VYolume

TABLE 16

SIGNIFICANCE OF TRADING ACTIVITY VARIABLES.

THE NUMBER OF SIGNIFICANT TRADING ACTIVITY VARIABLES IS
SHOWN FOR THE VARIOUS MODELS. THE AVERAGE t-STATISTICS
OF THE COEFFICIENTS OF THE VARIABLES IS ALSO SHOWN.
THE LEVEL OF SIGNIFICANCE CHOSEN IS S PERCENT.

Canadhasn Secuntics Amencan Secwnies
Number of times Number of tunes vanable
varmble sigmficant out sigmbhicant out of (wenty
aof tweaty cases Avenage t-sahshic cases Average t-stabstn

17 21
7 L9 1
i6 285 4
13 438 16
s 1.54 0
15 2 6
17 12.62 20
18 11.64 18
17 LL41 20

162
o0e
L7

6.42
0.30
1.22

15.88
11.51

12.9%

27




TABLE 17
SUMMARY OF LOG-LIKELIHOOD RESULTS

Number of Times
Average Log- Number of Times Trading Activity
Likeliheod Medel Chosen Variable Chasen
7 Values Overall By SIC Within Medel By S1C
ICaldia American Canadian American Camsdian Americae
Medel 1
Quotes -10893 9926 4 8 16 13
Transactions | -10806 -10031 0 1 4 4
Volume - 10800 -9645 0 0 0 >
Model 2 -10634 9948 0 0 - -
Mode 3
Quutes -1:027 9877 12 4 17
Transactions | -1055S -10047 3 |
Volume -10719 -10023 0 6 0
Model 4 -10846 -10000 1 L)) - -
Model §
Quotes -10647 -9900 0 0 8 11
Transactions | -10641 Y846 0 0 8 3
Volume -10623 -98%3 0 0 4 6
Model 6 -1d427 9752 0 0 - -

e 1
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TABLE 18

¢STATISTICS FROM THE SPECIFICATION TESTS FOR MODFEL 3. THE
SPECIFICATION TESTS ARE LISTED IN EXHIBIT 2. THE TESTS FOR CANADIAN
SECURITY MTT EXPLODED FOR MODEL 3 WITH TRANSACTIONS AS THE MIXING
VARIABLE. THUS MTT IS LEFT OUT OF THE RESULTS BUT ONLY FOR THE MODEL 3
TRANSACTIONS SET. LIKEWISE THE AMERICAN SECURITY IRC GAVE VERY HIGH
t-STATISTICS FOR MOST MODELS. THE AMERICAN RESULTS ARE PRESENTED
BOTH WITH AND WITHOUT THE IRC RESULTS INCLUDED.

Medet 3  Canedien Data American Deta American Data
With IR¢” Wabeut IRC
Queies
1 L8 (X 1.20
2 S.71 279 (1% .
k] 5 2.9 1.66
4 19 hR ;] 1.68
5 KN & 252 1.3
6 128 L9n 090
7 LR} 2 O.R7
8 1.47 bR 7Y 221
9 118 128 127
10 1.26 1.01 1.08
] 0.39 114 115
12 036 0.52 0.52
Teansactions
1 708 .19 714
2 582 .07 1.76
3 kB 1} 1.16 099
4 3.59 2.66 LN
5 L 2.14 1.9
6 3.17 212 1.4
7 1.16 217 1.36
» 3.04 221 2.19
9 1.1n 1.24 .23
10 1.1§ 0.6 0.9
11 0.89 1.26 1.28
12 0.82 n.ss 0.56
Volume
i 1.16 P17 1.07
2 7.79 24 0.
3 191 10 .86
4 901 1.47 X2
s 191 199 096
6 LR ) H 1] 091
7 4.21 1.92 09
8 3.01 2.2 216
9 1.02 1.4 1.47
10 1.04 1.16 1.20
H N8y { 40 144

12 .86 054 .56
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TABLE 19

t-STATISTICS FROM THE SPECIFICATION TESTS FOR MODEL S. THE
SPECIFICATION TESTS ARE LISTED IN EXHIBIT 2. THE AMERICAN SECURITY
IRC GAVE VERY HIGH ¢STATISTICS FOR MOST MODELS THUS THE AMERICAN
RESULTS ARE PRESENTED BOTH WITH AND WITHOUT THE IRC RESULTS INCLUDED.

Medet § Canadien Data American Data American Data
wuh IRC Wihent IRC
~Quates
T 143 .3 1.3
2 032 1.4 1.56
3 o7 121 1.3
4 1.5% 1.43 1.32
s 1.6} 1.54 1.41
'3 174 146 1.51
7 149 147 1.42
346 267 251
9 1.19 1.38 1.33
10 130 1.3 1.3
1 0s? 112 1.12
12 0.94 0.58 0.61
Trassactioas
i —1.09 1.3 1.36
2 0.54 027 028
3 062 1.02 1.06
4 1.56 1.27 1.26
s .77 117 1.07
6 1.5¢ 130 1.31
7 1.53 1.24 1.2
8 319 254 2.6
9 1.28 135 1.34
10 1.32 1.22 124
i 0.34 1.14 1.13
12 0.90 0.6l 0.63
Velume
T 133 .17 T.18
2 0.14 0.97 1.02
3 0.85 096 1.00
4 1.62 1.42 1.42
s 1.64 1.36 1.24
6 1.39 1.47 1.50
? .72 1.47 1.45
s 203 2.46 236
9 1.28 1.48 1.47
10 1.33 1.32 1.36
11 0.50 1.22 1.22
12 097 0.57 0.59
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TABLE 20

MODEL RESULTS FROM MODEL 1 AND MODELS 5 AND ¢ UTILIZING
ONLY 758 DAYS OF DATA. THE RESULTS ARE FOR A SUB-SAMPLE OF THE
AMERICAN STOCKS. THE LOG-LIKELIHOODS AND SiC VALUES ARE GIVEN.

IRC

120
-2165.42
1M
-2193.42
703 1087

-1331.42 -2099.42

nme 5™ 13
-2199.14 -333.04F -2631.14
1095 1568 13%
-2165.14 % UM UL 265304
1093 1564 13
-2161.14 -310%.14]  -265t.14

109
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TABLE 20 (comt’d)

MODEL RESULTS FROM MODEL 1 AND MODELS S AND ¢ UTILIZING
ONLY 7580 DAYS OF DATA. THE RESULTS ARE FOR A SUB-SAMPLE OF THE
AMERICAN STOCKS. THE LOG-LIKELIHOODS AND SIC VALUES ARE GIVEN.

303
-1531.42
847
-1619.42
804
-1533.42

-2937.42
1084
-2013.42
-192
458.5753

23
-1621 14
859
-1693.14
814
-1603.14

1421
-2817.14
1473
-2921.14
1499
-2973.14

1364 ™
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