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ABSTRACT:

For the case of a market-making trading environment, this study shows how a
vector moving average representation of transaction price returns and trade can be
decomposed to a finer degree than before so as to reveal, not just summary
measures of Microstructure characteristics, but also estimates of the components that
make up these measures. This additional information reveals the source of
differences in microstructures rather than merely measuring the effects of these
differences. Quite a general theoretical model underpins the empirical application
and this provides a framework for the analysis of trading cost components and the
information content of trade. The new approach is applied to the case of the Irish

market in government securities.



I. INTRODUCTION:

The analysis of financial market microstructure is now a well established topic in the
field of applied information economics. All kinds of financial markets have been
analysed using the tools developed in this field, (although seldom the markets in
government securities). The topics chosen for most attention within this category is
the measurement and comparison of trading costs across markets, represented by
components due to order processing costs and costs due to asymmetric information
and inventory control mechanisms. Some good examples of the empirical
microstructure literature in this vein include, Garman (1976), Roll (1984), Copeland
and Galai (1983), Glosten (1987), Glosten and Milgrom (1985), Glosten and Harris
(1988), Harris (1990), Choi, Salandro and Shastri (1988), Stoll (1989), George,
Kaul and Nimalendran (1991), Hasbrouck (1991a, 1991b, 1993, 1998), Hasbrouck
and Ho (1987), Hasbrouck and Sofianos (1993), Madhavan and Smidt (1991, 1993)
and Snell and Tonks (1996, 1997). The more theoretical microstructure literature

has been surveyed by O’Hara(1995).

Although the empirical microstructure literature has made extensive use of the
existing tools of time-series econometrics, and despite the increasing quantity and
quality of the data analysed, there are still a number of microstructure variables that
defy accurate identification and measurement. For example, the measure of market
quality proposed by Hasbrouck (1991), (applied in the context of Gilt markets by
Dunne, 1994 and Proudman, 1997), uses a vector autoregression of high frequency
returns and trades, and provides a measure of market quality, which can only be
regarded as an approximate lower-bound estimate, of the size of trading costs.
Another example of incomplete identification or inaccurate measurement, is the
Bayesian approach taken by Madhavan and Smidt(1991), in which it is assumed that
agents arrive in each transaction period with no prior belief about the value of the
asset being traded.. Despite this unappealing assumption, and other deficiencies
discussed below, this model stands as one of the more acceptable measures of this
important microstructure variable. While others, such as Snell and Tonks(1996),

have proposed alternatives to the Madhavan and Smidt application, these alternatives



tend to rely on other equally unappealing restrictions. For example, Snell and
Tonks do not use a Bayesian framework and they assume that separate news shocks
arrive in each transaction period and that the private news shock is observed without
noise. The private information is therefore the source of a pure speculative
opportunity without risk. As is well known in the microstructure literature, the
measurement of order processing and inventory control costs is highly sensitive to
the correct measurement of the asymmetric information component of trading costs,
and for this reason, it is difficult to conclude at this point that we possess empirical

methods that provide reliable measures of any of the main trading cost components.

In this study, the more realistic and useful aspects of at least two of the main
contributions mentioned above are combined to give rise to an empirical application
which does not suffer from the more obvious weaknesses of any one of these
contributions taken individually. The model which is selected as the corner stone
and basis for generalisation and improvement is that of Madhavan and Smidt (1991).
The empirical approach adopted is along the lines of the Hasbrouck (1993) approach
to the measurement of market quality. While there are a number of problems with
the Madhavan and Smidt application, the behavioural model upon which it is based
has good properties. The original application by Madhavan and Smidt resulted in a
single equation econometric model, but it is shown below that, with very little
modification, the same model can be represented as a two equation vector moving
average representation (VMA) involving transaction price returns and trade-
quantity. The benefits accruing to the use of transaction price returns rather than
quote data have been documented elsewhere and relate to the fact that a significant
proportion of trades take place within the best market spread, (e.g., Naik and
Yadav, 1997). In any case, the quote data was not available for use in the

application below.

As is well known from the time series literature, e.g., Beveridge and Nelson(1981)
and Watson(1986), VMA representations can be decomposed into trend and
stationary components. Furthermore, it is often possible to impose theoretically

motivated restrictions on the estimation results from, what is sometimes referred to



as, the ‘standard-form’ of these representations, in such a way as to provide
identification of the underlying primitive innovations of a theoretical model. The
best known example is that due to Blanchard and Quah (1989), where the residuals
from a standard-form VAR in GNP and unemployment is decomposed into demand
and supply shocks. An approach which relates theoretical and empirical models in
this way has not yet been applied in the microstructure field. While Hasbrouck’s
measure of market quality is based upon the stationary innovation variance in the
transaction price series this measure was only loosely related to a theoretical model
of behaviour. The analysis below brings this general approach a significant step
forward by grounding the decomposition of transaction prices and trades in a
Bayesian model of behaviour in such a way that the empirical application identifies

the important microstructural parameters.

Thus, it is shown below that the decomposition strategy can be used in the case of
VMA representation of a revised Madhavan and Smidt model of microstructural
behaviour. The restrictions derived from the theoretical model are related to the
discipline imposed by Bayesian rules for up-dating conditional expectations. These
restrictions allow for a complete identification of the various components of
microstructure parameters previously measured in the literature. Furthermore, the
approach gives a complete breakdown of the parameters which describes the average
weight placed on the information signals received by both the market maker and
informed traders. The measures which result are much more informative than those
already in existence. It is possible to identify the components of the existing
measures so that the causes of differential market quality can be determined. This
additional information would help to identify those markets in which private
information is more valuable and those situations in which informed trades can best
be disguised. These factors are interesting because they relate directly to the whole

issue of market liquidity and depth.

The approach developed here is applied to Irish market in Government Securities
which changed from an agent-only system of trading to a market-making system in

late 1995. It has been suggested in some quarters of the microstructure literature,



most notably Proudman(1995), that the gilt market is not characterised by
information asymmetry. Proudman provides some evidence to this effect but has
used one of the techniques suffering from the deficiencies already mentioned above.
The classic form of information asymmetry occurs in equity markets and is often
associated with “insider trading”. While it is true that gilt markets are not likely to
suffer from such severe asymmetries, it can also be argued that these markets may
involve influential traders who could be instrumental in guiding market opinion by
their trading behaviour. It is possible that these influential opinion leaders are also
the largest speculators and that their trades contain information about the likely
future path of the overall market’s valuation of a stock. The results obtained below,
in fact, provide supporting evidence to that of Proudman, and indicate that there is
an insignificant information content of trade in the Gilt-edged securities markets. It
appears that the only source of risk for the market maker is that related to inventory
control. This evidence is useful in settling the issue about influential traders and it

is also useful in providing a test run of the new empirical approach.

In conclusion, the steps taken to arrive at the new empirical measures of market
microstructure can be described as; (i) generalise and improve upon the Bayesian
model of microstructure behaviour proposed by Madhavan and Smidt (1993), (ii)
state the theoretical model as a VMA in terms of the underlying transitory and
permanent innovations; call this the ‘primitive-form’ and take note of any
restrictions implied by the theoretical model which may impinge upon estimation of
a possible empirical model, (iil) estimate an appropriate corresponding empirical
model taking into account any restrictions implied by the theoretical model and call
this the ‘standard-form’ result, (iv) use the variance-covariance matrix of the
standard-form transitory innovations along with the corresponding variance-
covariance matrix implied by the theoretical model to identify the microstructure

parameters of interest.

The remainder of this paper is arranged as follows. Section II considers the
Bayesian model of Madhavan and Smidt and introduces an alternative model which

has more appealing properties. This section also discusses the deficiencies



associated with the single equation empirical approach taken by Madhaven and
Smidt. Section III considers how the theoretical model can be stated in vector form
and how the theoretical model relates to a corresponding ‘standard-form’. It is then
shown how the correspondence between these representations gives rise to
identification of various microstructural parameters. Section IV discusses the
special features of the data and describes how the Kalman filter is used to achieve
estimates of the parameters of interest. Section V contains an interpretation and
discussion of the results from an application of the new technique. Section VI

contains a summary and conclusion.

II. A RECONSTRUCTION OF A BAYSIAN MODEL OF DEALER PRICING:

There are a number of possible assumptions that could be made regarding the
formation of beliefs on the part of information processors in the analysis to follow.
The first case to consider is that used by Madhavan and Smidt. The Madhavan and
Smidt model is considered to be too restrictive to be of any use in the current
analysis. In that model the authors assumed that the past value of the asset being
traded has no contribution to make towards the current formation of beliefs about
current underlying value. In other words, they assume that on arrival into a new
transaction period all agents are asked to forget all past information shocks and to
use the current public information shock as their prior belief about the ‘true’ vale of
the asset being traded. An alternative model assumes a common prior equal to the
previous period’s value. This assumption is a vast improvement over the Madhavan
and Smidt case and might appeal to those who believe that private information is
short lived. Indeed, it might be a good description of the case in which all market

makers are required to reveal the size of their most recent trades.

There are three type of agents interacting in this model namely, the market maker,
informed traders and noise traders. The behavioural model begins with the
assumption that in each transaction period a public trader asks the market maker for

his quote, (or schedule of quotes for different sizes of trade), and given this quote he



decides whether and how much to trade. This differs from the market making
situation in which quotes are electronically posted. Snell and Tonks (1997) make
use of this difference in their analysis of quote data from the London Stock
Exchange but it is easy to show that this is not an issue of consequence when
dealing with transactions data. The transaction-to-transaction price change will
reflect both the public information innovations and the information content of trade
and the cleaving of the price change into its components is what provides the main

difficulty for the econometric modeller.

The underlying value of the asset at time t, (or the implicit efficient price), is

denoted v,1. This will be the permanent component of price movements and it
follows a random walk with zero mean iid normal increments denoted d; with
variance 0. The transaction price, p,, that is observed in period ‘t’ is equal to the

quote relevant for the type of trade that occurs at time ‘t’. It is assumed that the
market maker sets quotes that, (in addition to reflecting inventory and order
processing costs), will be ‘regret-free’ in the sense of Glosten and Milgrom (1985).2
In this way the quote that becomes the transaction price already embodies the

information in the trade. Price can therefore be described by;

where;

M, 4is the expectation of v, Sconditional upon the market maker’s information at time
t, |, 6is the level of inventory at time t, (this can be replaced by the term |, — 1
where |, is non-zero level of desired inventory), D; 7is an indicator +1 for a buy

and -1 for a sell, andy and (¢ are constant coefficients.

The order quantity 0, 8 obeys the following relation;

g = a(m - P) + X cooeeeiieinieieenn, )9

where;



a 10is some positive constant, m 1lis the informed trader's conditional

expectation of v, 12given his information at time t, and x; 13 is an idiosyncratic iid

normal innovation with variance ¢, that represents liquidity and noise trading.

At the beginning of transaction period ‘t” all agents observe the realisation of a noisy
public information signal concerning the value of the asset;

V= Vit & i (3)1415
where; €, 16is iid normal with zero mean and variance 0’ 17. At the same time there
is another signal, this time received only by the informed trader. This is;

W, =V, + @ oo (4)18

where; the noise in the signal ¢, 19is iid normal with zero mean and variance g;>20.

Regardless of assumptions about the construction of the prior beliefs as outlined

above, the behavioral model will contain only three unknown parameters, Jf , Jj

and o”. It is the identification and estimation of these three parameters that will

lead to the microstructure measures.

The evolution of Bayesian beliefs, 4 and m, depends on the theoretical model
adopted. The Madhavan and Smidt case is represented by the case where there is a
common prior belief equal to the current public signal, y,. In this case we have

posterior beliefs,

M=0y,+1-0)W.....ooeeririinenn.. (5.1)21
T 4 e R o) 1 N (5.2)22

where, S, is the signal from order quantity which the market maker can construct

at >
by inversion of the demand function. For this case, the weights given to the signals

are constructed as follows;

2 2

0= o, — Os
- 2 4 42’ ¢= 2 L 527
g,t0, o,t0;



For the case where we allow the previous period’s value be a common prior belief,
we obtain the alternative posterior beliefs;

m =9y, +(1-90)0w +(1-90)(1-0) V_; -........... (6.1)23

He = +(L=QAS, +(1-) (L= A) gy (6.2)24
where S, is not exactly the same as that above but is constructed in an analogous

fashion demonstrated below. For this case, the weights are constructed as;

2 _ 2 2 _ 2
- 20-d 20 0= a ezad 2! A= 20-d > and ¢ = a /\Zad 2
04t+0, (1- Q)Ud t0, 04%05 - /\)Ud +t0,

The signal from order flow, S,

needs further explanation. The liquidity trade,
Xt ,25 makes order flow a noisy signal about private information for the market
maker. The order quantity can be put into the inverse of the demand function to give
an expectation of the beliefs of the private trader. More formally, the market maker

in the Madhavan and Smidt model can construct the statistic;
Sy =lan+ q-abyl/ a(1-0)
=v,+w, +x /a(l-6)
This can be considered as the realisation of a normally distributed random variable
with a mean ofv,27and variance g2 = g2 + (o,/ a(1-0))*.28 Alternatively,

in the case where V,_; provides the common prior belief the signal from trade will

be;
Sy =lap+ q-ady-a(l-9)(1-6) v,/ a(1-9)6
.... 29(8)
=v,tw, +x /aldl-9)0
where the signal has noise with variance, g2 = g2 + (g,/ a(l-5)8).
Madhavan and Smidt write equation (5.2) in the following way;
M, =y, + A-m)(P, + @) e, (9)30

whererr= ({ + 6 - 1)/031. This weight, 71, 32is inversely related to the degree

of information asymmetry in the market. The objective of the their analysis was to

derive an econometric model where 7T 33could be inferred. The approach taken



was as follows. First, substitute into the price equation (1), foru as given in
equation (9) to obtain,;

p = my, + @-m[p, + a'q] - yl+ @YD.....34(10)
The previous price,(adjusted for transaction cost and inventory effects), can provide
an estimate of Y, 35as follows;

Y = Pyt V6 -@YDe + N e (11)36

wheren = Yy, - U, 37is the difference between the prior at time ‘" and the
posterior at time t-1. 1), 38represents the innovation in the market maker's

conditional expectation of the securities value between transaction periods and is the

source of an error term in their model. Substituting for Y, 39yields;

Ap, = AQ, - %Qlt + Vi + %@Dt - Y D1 + 1,(12)40

where 41A = (1 - )/ (am )42, which MS claim 43captures the information effect

or responsiveness of price to order quantity.

Equation (12) is essentially the relation that MS estimate. This can be criticized
from a number of points of view. The most obvious is that this relation does not
fully reflect probable dynamics between price and trades. A vector auto-regression
is in fact more appropriate and has been used extensively in the literature, (including
Hasbrouck, 1993 and Snell and Tonks, 1996). The reason why this is not more
obvious from the model is because the model is too restrictive. A second deficiency
of the model is the fact that it focuses entirely on an estimation of 71. The
estimation results do not provide estimates of the three components of 77, namely,

0?,0” and g”. Furthermore, it does not give estimates of6 and ¢.. All of these

additional parameters are interesting and potentially useful and it is shown below
that all of these can be identified from an alternative estimation and identification

strategy.

Disregarding this deficiency the model has another more fatal internal inconsistency
which gives rise to correlation between the error term and the trade quantity

explanatory variable. This is a serious weakness considering that this is the very



explanatory variable upon which the main result of the analysis rests. The problem

can best be seen by an analysis of the error term 1,. Although MS dedicate a large

proportion of their analysis to the properties of this error term they neglect to
investigate whether it is correlated with any of the explanatory variables. This error
term has three basic components. The first component is the innovation in the

underlying value of the asset, d,. MS in fact assume that this is made known before

the beginning of the new transaction period. This is both unrealistic and
unnecessary and in fact complicates the true relation between the error term and
quantity traded. The second component is the deviation of the previous period’s

posterior belief, f_,, from v,,. The third component is the deviation of the

current period’s prior, Y,, from v,, (this is the noise in the current public signal

£).

It is this last component of the error term that causes the most serious problems. It

is easy to show that the quantity traded can be written as follows;
Ly, O O, O
=|-afm afm ay -a TIX, wevnnnnnn 13
q, [ ]HNHr[ y w]BDtH’r : (13)

Since y, =V, +& and W, =V, + ¢, this expression collapses to;

The covariance between @, and 7, is therefore —a6mo’ and this will be the source

of biased estimation results. To conclude, the theoretical model and estimation
approach used by Madhavan and Smidt embodies serious weaknesses. It is now

shown how these weaknesses can be overcome.

10



III. NEW MODEL AND IDENTIFICATION:

It is relatively straightforward to obtain the VMA representation of both of the
models outlined above. However, since the Madhavan and Smidt case does not
possess a general enough consideration of the information set used in up-dating
beliefs, the exposition to follow will focus entirely on the more general model
represented by equations (1), (2), (6.1) and (6.2). After substitution of (6.1) and
(6.2) into the price and quantity equations and after appropriate rearrangement, it is
possible to write these equations in terms of the explanatory variables, I: and D:, and
the various innovations affecting either prior beliefs or current noisy signals. This

gives rise to the following ‘primitive form’, (decomposed into transitory and

LENE B BAEo

permanent COITIPOHCHtS) 5

where;
R
—-ay
A M ¢ y(1-¢)
d-¢) a[(1-0)0-(1-¢)AI\
and,

B:M ~(1-Q)(1-A) [V(1-6)/ a6(1-O)
[(1-8)(1-6)~(1- (-] [+-X +9/ & +3){

Equation (15) is an interesting representation of the theoretical model and shows that
quantity traded does no contain a permanent component although the innovations to
the permanent component, d: , is part of the transitory component of both price and
quantity. What is most apparent from this representation is the fact that most of the
microstructure effects are contained in the transitory components of the system.
Since the transitory component consists only of period ‘t’ primitive shocks, the
corresponding ‘standard-form’ of the model in equation (15) can be written as

follows, (maintaining the transitory/permanent decomposition explicitly);

11



(b0 vO 0,0

L RE" H:)Eﬁ%?m ....................... (16)

where the g, are the standard-form transitory innovations.

Estimation of this standard-form will produce estimates of the variance of V,

innovations, ¢, the variances and covariance of the e, and the parameters of I

which will in turn identify the parameter a. We can then equate the covariance

matrix of the e, with their primitive-form counterparts and consider the issue of

identification of the primitive-form parameters. Specifically, this exercise gives;

£ 6

&@%t %]—E@Ho@t wt]A'+B§‘|i‘@dt x[]B'B....(U)
t 0

Stating this more concisely gives;

o} 0,0 W o0 o} 0(
0 Z0=AQ ,[A'+B[ ,
@ 0,0 00 0,0 DO 0. [

which in fact, implies the following three equations;
X1-¢)?

0'2: 20'2+A21— 20'2+ 1- 1—A 2O'2+—O'2

=Co+ A (1-¢) 0, +(1-6) (1-A) 07 1-0) "

o:=a*(0-¢)’02+aq(1-0)0-(1-¢)A| o 2+

2n 1 BN (1 Nra aNj22 a-of), (19.2)
a“[(1-9)(1-6) - (1-¢)(1-A)] ad+M9(l—5)8x

0, =0ag(d-¢)o: +aA(l-¢)[(1-9)8 - (1-¢) Aoy +
a(l-¢)(1-N[(1-0)(1-6) - (-¢( EMN]os+ ... (19.3)

1-¢) (1-9)
(1-9)UN (1-9)

Appendix A shows how these equations can be simplified to give the following;
o’=¢o? or (@-¢@-Ayagi (20.1)

o:=og’-a’¢c? (20.2)

o = a)A(1-¢) (20.3)
” M;ae(l—é) ......... .
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It is important to note that the transitory innovations of the price equation are
correlated with the permanent innovations, d: , and this should be taken into account
when estimating the ‘standard form’ of the model. The covariance in question can

easily be shown to be, —(1-¢)(1-A)0?, and this is precisely equal to the negative

of the transitory variance of the transaction price returns. Indeed, the fact that it is
possible to implement this restriction in the process of estimating the ‘standard
form’ of the model, leads to one of the very rare cases in which a decomposition is
performed under an assumption which differs from the usual Watson (1986) or
Beveridge-Nelson (1984) ones. This would also have implications for a Hasbrouck-
type measure of market quality in the context of the current model of behaviour
since that measure used the Beveridge-Nelson decomposition. Although it would be
possible to derive the proposed decomposition from estimation of a VMA in returns
and trade, this could also be achieved by retaining a state-space form of the model
and applying the Kalman filter. The latter is the strategy that is adopted in the

applied section below.

Before proceeding to the application, it is worthwhile pointing out what is
identifiable from the three equations (20.1-20.3). In fact, the three equations have
three unknowns namely, 02,07, and o>. The parameters, 3,A,6, and ¢ are all
functions of one or more of these unknowns together with other parameters from the
estimation of the ‘standard form’ of the model, ( a and 0§ are available as
estimates from the ‘standard form’). It is immediately obvious that;
o2=02+a’0?. This leaves two equations in the remaining two unknowns.
Taking the first and third equation and expressing these in terms of the components

of each of the Bayesian weights gives;

g2 = __loillod ofrol i fodrho b rob f ? (21.1)
17 ?ofliodTorod+ofofroff o hob,ro8)” 2 '

— __ aQ-a)o§foiodofoltologrola)
012 - 02[0512[052] f 20§+0ﬂ +0f00%ez+ﬂi7wz+ﬂg5dz 2 eesessens (21 2)

This amounts to two simultaneous cubic-type expressions which can be numerically

solved for the two unknowns.
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In the empirical analysis below the ‘Nonlinear Equations’ application of the Gauss
program is used to obtain the numerical estimates in question. It is important to
realise that there is more than one set of solutions to these equations, but excluding
the possibility of negative values for the unknowns helps to pinpoint those solutions
that make most sense. It will also be possible to check how these solutions change

for slight changes in the estimates of a,03,07,05 and 0,,. Given the estimates of
02,02 and g2, it is possible to construct estimates of the various Bayesian weights,
0,A,0,and ¢. These give a detailed insight into the importance of asymmetric

information and the information content of trade. They also reveal how susceptible
the market is to stealth trading. The usual inventory and order processing cost

components can be derived from the parameters on the explanatory variables.

A variance decomposition is interesting and gives an insight into the contribution of
the various microstructure components to the total variance of the price series for

this particular theoretical model of behaviour. The total variance of the price series
is given by 0 + 07 +2cov(d,,g, ). Since the covariance between the transitory and
permanent innovations is the negative of the transitory innovation variance we have
a total variance of g —o;. The proportion of this which is due to the combined
microstructure  effects is simply o7 /(0?-0/) and since we have
estimates 07,0,0,> and the parameters of (19.1) this can be broken down further to
identify the proportion of total variance due to inaccuracies in the market maker’s
pricing due to his posterior belief deviating from the ‘true’ value of the asset being

traded. In particular these are;

the proportion due to imprecision in the public signal,
GCOZl(02-02) e (22.1)
the proportion due to imprecision in the private signal,
N@A-¢) a2 1(02=02) cooeeeeiiinnn. (22.2)
the proportion due to imprecision in the prior,
(1-¢)’(A-A)’ai1(05-02) wooeiv (22.3)

and the proportion due to the presence of noise trade,

14



/\2(1_C)2 2
O i, 22.4
0292(1—5)2(0§—Uf) X ( )

IV. DATA AND ESTIMATION METHOD:

DATA:

The data used below consists of time-stamped transaction prices and trades for one
of the most frequently traded government securities in a period covering almost 500
trading days extending from the introduction of market making in Irish Government
securities in December 1995. The time-stamp identifies the time of trade to the
nearest minute only. The type and quantity of trade is identified exactly so that
there is no need to resort to unreliable algorithms such as that of Lee and Ready
(1991) to infer trade type. The data includes the transactions records of one
particular market-maker, (this market maker is probably the largest one operating in
this security). This fact, together with the fact that the previous trading system did
not involving the holding of inventories, implies that the inventory position of the
market maker is identified as the cumulative trades since the introduction of market
making, (at least this seems to be true for about three quarters of the period for
which data was available and the analysis was focused on that section of the data

only).

Each transaction record included the transaction price and the quantity traded.
Estimation was not carried out using the raw quantity traded data. Rather, the trade
quantity was adjusted in three ways. The first adjustment was to reduce the
inordinate effect of a handful of extreme outliers. This can be justified by the
argument that the technique is best suited to revealing the average effects of typical
information trade, rather than infrequent extreme events. It is likely that very
extreme trades were negotiated in a way which is not typical and it is also probable
that the market maker would have arranged hedging to cover the risk associated

with the position taken as a result of these infrequent occurrences. Trades of over

15



IR£50 million of stock were simply cut down to equal IR£51 million. This only
affected a handful of trades. At this point it was obvious that even for the truncated
quantity data, trades in the range IR£7 million - IR£51 million could be considered
atypical or outlying and would be given too much weight in a maximum likelihood
estimation framework which assumed normality. To further restrict the effect of
outlying observations all trades between IR£7 million and IR£51 million were
squeezed linearly and monotonically into the range IR£7 million - IR£20.5 million.
The total effect of this set of adjustments gave rise to a distribution as shown in
figure (1) below. The standard deviation of the so-far-adjusted trade quantity
distribution was roughly IR£5 million. The data was now adjusted further by
dividing by IR£5 million. The result was a distribution which was not significantly
different in shape from a standard normal distribution. Apart from ensuring that
outliers do not dominate the estimation process, another benefit of this
standardisation is that it gives rise to coefficients which should have a similar
magnitude and this contributes to the ease with which the estimation itself can be

achieved.

The inventory data was compiled using the cumulated trade data from the truncated
stage of adjustment. The cumulative sum was considered to be an indication of the
inventory position and this was divided by IR£5 million so that the proportional
relation between inventory and the adjusted trade data was almost entirely
maintained. A plot of the adjusted inventory series is shown in figure (2) below.
Since the inventory begins to appear non-stationary in the last quarter of the
available period it was decided to only use data covering the first three quarters.
The only other adjustment to the raw data was that the transaction price data was
transformed into natural logs and multiplied by 100. This allows for an
interpretation of the transitory and permanent price innovation variance in term of

percentage returns.

ESTIMATION:

16



As was mentioned above, the decomposition involved in the implementation of this
technique could be achieved by estimating a VMA and using a similar technique to
that proposed by Beveridge and Nelson (1981). Of course, a different assumption
about the correlation between transitory and permanent innovation would have to be
included. Also, the decomposition would have to account for the fact that
permanent innovations only enter the transaction price returns since the trade data is
stationary. An alternative to this approach is to put the model in state-space form
and apply the Kalman filter, taking account of any necessary restrictions during
estimation. In fact, the standard-form of the theoretical model is already virtually in

state-space form. To make this more explicit we need only add the state equation.

A possible state-space form of the model is;

‘measurement’
0 o, O 0
EE‘D:zVﬁr tm—*itm .................... (23.1)
[ ¢ [ ¢ [
‘state’
V=TV +Hd (23.2)

L a0, . . .
where, in this case Z = %)D in the measurement equation, and T =1 is the transition
O

matrix. For convenience, I use Harvey’s (1989) notation for the variance of

. . . uj—lz 012D 2
transitory and permanent innovations. Thus H =[] ,0and Q=0;. In
@ 0,0

addition the initial value for the state is denoted E[VO] = a, and the initial variance

of this is E[(vO - E(vo))z] =P, , (this notation should not be confused with that used

for transaction price p,).

The problem with this common form of the state-space model (23.1-23.2) is that it
is not obvious how to include correlation between the permanent and transitory
innovations. An alternative representation makes the transitory innovations part of
the state equation as follows;

‘measurement’
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‘state’

.0 0,0 ™0

0= Tt %D ...................... (24.2)

H.B Ha.H EBHE
where, in this case;
1 0 oo Dad o2 00O
1
_é}) ; SB, and T=0 0 Fwhile, Hz%ﬁandq T02 07 o0
B 0 04 EO Oy, 05%

The exact restriction on the covariance between transitory and permanent

innovations implied by the theoretical model is explicitly included in the Q matrix.

The filter is initialised by providing starting values for the variances of the three
innovations and the covariance between the two stationary innovation processes.
Initial values for the states must also be provided, (in this case the first state variable
is set equal to the transaction price in the first period and the other two states are set
equal to zero). Given these initial conditions the filter provides the optimal up-
dating of the state variables and the variance parameters. The filter consists of the

following equations for each up-dating period;
Ay = Ta,
Pra = TPLT +Q

qut 1D o O, O
%ﬂt L0 Zay_, HD 4
B0 PO MPyad 37)

%0 B B
L& 0

a =y, +P,Z(&F),Z+ H) &5 B

P =R~ Pt|t—lZ’(ZPtt—lZ, + H)_l L,
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One problem that often arises in the practical implementation of this filter concerns

the maintenance of a positive-definite inverse of ZF,_,Z'+ H. This condition can

eventually fail if bad initial parameters are provided. The condition can be forced
as a restriction on the parameters being estimated. This gives rise to new starting
values that, if close enough to their unrestricted counterparts, will maintain the
inversion condition during the remaining iterations of the unrestricted estimation.

This approach was adopted successfully in the application below.

To ensure a sensible application of the theoretical model outlined above it was
necessary to introduce an expected trade quantity into the trade equation. Thus, the

empirical model that was actually estimated included a parameter [ which was

multiplied by the trade type indicator so that the matrix I becomes;

] :&] ﬁ—wawt'

This implies that, given knowledge of trade type, the expected trade quantity would
not be informative. Finally, it was found necessary to impose the sign restrictions
implied by the theoretical model on the parameters of the I matrix. This can be

justified purely on theoretical grounds.

IV. RESULTS:

The results from the application of the filter to the data as described above, gave
rise to the estimation results contained in table (1) below. The parameter estimates
are reasonably precisely estimated with the smallest t-statistic of 6.532. The

significant coefficient y indicates that there is an inventory control effect which is

positive. This is consistent with a spread which is asymmetrically positioned around

the underlying value. The (J estimate implies that there is a significant order

processing cost component which is much larger than the inventory control
component. The estimates of the variances of the three signals implies that the
private information signal and the signal transmitted by trade have very large
imprecision relative to the public information signal. These result in very small

Bayesian weights given to the private information signal and as a consequence the
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trade signal. The weight given to the public signal by the informed trader and the

market maker are 0 and ¢ respectively. These are both around 0.55. The weight
given to the prior of v, by the informed trader and the market maker are
(1-9)(1-6) and (1-¢)(1-A) respectively. Since 6 and A are extremely close to
zero the weights are approximately equal to (1-9) and (1-¢). The actual weights

are 0.4397 and 0.441 respectively. Thus, public information is given only slightly

more weight than the prior.

Diagnostics on the residuals from the two equations of the system do not give rise to

concerns over serious miss-specification.

V. SUMMARY AND CONCLUDING COMMENTS:

A new model of Bayesian behaviour was proposed above to improve upon the work
of Madhavan and Smidt (1993). A new empirical approach was proposed and
implemented in the context of this new theoretical model and gave rise to deeper
measures of microstructural characteristics than those available in the existing
literature. Specifically, the new approach yields measures of the components that
make-up a large number of microstructural parameters. This means that it is
possible to talk about the causes of differences in microstructure rather than just
describing those differences. The approach was successfully applied to the case of
the Irish Gilt-edged securities market and revealed that there is very little adverse
selection risk for market makers in this market. This supports evidence for the UK

Gilt market produced by Proudman (1995).

It remains to suggest that this approach could be extended both theoretically and in
terms of its application. The most obvious theoretical extension would allow prior
beliefs to be determined in a recursive fashion by the previous period’s posterior
beliefs. This would imply differences in prior beliefs held by the different types of
traders. The most obvious empirical extension would be an application to the equity
market where it might be more realistic to expect an adverse selection component of
trading costs. Apart from these extensions it would be possible to incorporate time

variation in the Bayesian weights by use of a stochastic volatility estimation
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approach. All of these extensions would deepen our understanding of

microstructural behaviour in the context of a market making trading environment.

VI APPENDIX (A):

In this appendix the basic steps of the simplification of the equations (19.1-19.3) are
shown. Equation (19.1) is reproduced here as (A.1.1)

/\2(1_C)2 o2

02=¢0’+ A (1-¢Q)%0+(1- Q) (- N T+ —S5——2—0> ... Al
1 C £ ( C) w ( C)Q( ) d 0262(1_6)2 X ( )
A slight restatement of this is; |
2
02 =02 +(1-¢)? +Lk 1-A¢o2p A.12
1 C £ ( C) 0292(1—5)2 ( ) d ( )

Now it is easy to show from the construction of Bayesian weights that (1—¢) can be
expressed as follows;

0.2

2._ 0)2( gi 2 2 2

Notice that (1-¢) therefore has similarities with the term in the square brackets of

1-¢)=

equation (A.1.2). This becomes more explicit if we add and subtract (1-¢)°0?
from equation (A.1.2) to get;

oy

N - TN — P (A.14
Cz‘**‘l'”zm*milku—was+as (1-qyoz A

Equation (A.1.3) implies that the term in the square brackets can be replaced by

02/ (1-¢). The result of this is;
ol =¢’0’+(1-¢)a’-(1-¢)°a? ........ (A.1.5)

or simply the first way of expressing o’ as shown in equation (20.1) which is;
02 =¢o’. The alternative way of expressing this can be found by using the

definition of the parameter ¢ . This is;

- (1_)\)O-§ D 0.2 =
(1-2A)oi +a? ¢
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Substitution of this way of expressing o> gives the alternative expression

a2 =(1-A)(1- ).

A similar approach was used to simplify the other two equations (19.2) and (19.3).

Specifically, the Bayesian weights were re-arranged so that 02,02 and 0> could be

written entirely in terms of §,6,A,¢ and 03. Ordinary algebraic manipulation of

the resulting expressions gave rise to the simplified versions of equations (19.2) and

(19.3) as shown in (20.2) and (20.3) respectively.
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Table 1. Results from application to the most frequently traded Gilt-edged security.

Parameter Estimate Standard Error T-Statistic
Number of obs. 2270
Log-Likelihood -1139.07
adz 0.0804 0.0025 32.757
012 0.0686 0.0014 49.360
/azz 0.8290 0.0094 87.855
o, -0.0238 0.0029 -8.024
y 0.0041 0.0006 6.532
Y 0.0574 0.0030 18.731
a 9.049 0.7987 11.330
agz 0.0051
Uf) 0.9801
sz 1.0729
0 0.00655
o 0.55736
A 0.000004
{ 0.55898
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Figure 1. Distribution of adjusted trades.
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Figure 2. Plot of adjusted inventory series.
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