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Abstract

This thesis consists of four studies iiivestigating various aspects relating to the
microstructure of competitive dealership markets. Underlying the empirical work
is detailed transaction and market maker quotation data obtained from the London
Stock Exchange for a sample of thirty actively traded U.K. stocks over a one year
period beginning in July 1991.

The initial focus is on the characterization of the time series behaviour of market
maker inventories. The null hypothesis of non-stationarity of inventories cannot
uniformly be rejected for all market makers, and some explanations for this result
are explored. Estimates of mean reversion coefficients of inventories are found
to vary substantially in cross-section, and several determinants of this variation
are identified. Some of the findings can be interpreted as evidence of subtle stock
market linkages.

This is followed by tests of a number of implications derived from the inventory
control hypothesis specific to markets with competing dealers and inter-dealer
trading (Ho and Stoll (1983)). Many of these implications relate to a dealer's
inventory and quote position in relation to her competitors, and the results provide
strong evidence that inventories are important in determining the trading outcome
in a competitive dealership market.

In the third study, the relationships among various spread-based measures of
execution costs and dealer gross trading revenues are investigated. Revenues
fall far short of the spread, implying that market maker spread gains are largely
eroded by losses on the inventory positions. Spread measures are found to be
highly correlated, suggesting that easily observable measures can serve as proxies
for others.

The fourth study is concerned with price setting in a competitive dealership mar-
ket and addresses the question whether dealers set prices which reflect all their in-
formation or whether they act strategically by actively acquiring and subsequently
exploiting informational advantages. The evidence supports the latter view.
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Chapter 1

Introduction

One of the most active research areas in modern financial economics is the micro-

structure of markets. At its centre is the "study of the processes and outcomes

of exchanging assets under explicit trading rules." In the standard economic

paradigm, supply and demand meet in the marketplace and their intersection de-

termines the market price. The actual process of price formation does not receive

much attention, either because only equilibrium prices are of relevance and the

process of attaining equilibrium is not, or because the price setting mechanism is

assumed to lie in the hands of a Walrasian auctioneer, who aggregates traders' de-

mands and supplies to find a market clearing price through a frictionless process

of tatonnement.

While there are a few examples of markets which fit the description of the Wairasian

auctioneer quite well, the overwhelming majority of markets are organized very

differently. In reality, assets, and we will focus on financial securities in particu-

lar, are traded in a large number of different markets all over the world, each with

'O'Hara (1995).
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their own distinct and often unique features. While all these markets serve the

same purpose of price discovery and the exchange of assets, each market structure

will achieve this end differently. For example, some markets are organised around

dealers, i.e., intermediaries who stand ready to buy and sell securities to other

traders, thus providing immediacy and liquidity to the market. Other markets

are organised as auctions, where orders from all traders are poole(l and a clearing

price is found without the intervention of intermediaries. Some markets are open

continuously, allowing traders to submit orders and trade at all times, others only

operate during or at certain time intervals, collecting traders' orders over time

in order to subsequently match them. Many markets feature a physical trading

location or "floor" where traders can meet face to face, others exist solely on

computer and telecommunications networks. Indeed, many real life markets are

hybrid combinations of the above, in the sense that they share many of these char-

acteristics in a unique blend. The question that market microstructure asks, is

whether the particular structure of a market has a bearing on the trading outcome,

and if so, what the impact is.

Many of the world's best known and important (in terms of trading volume) secur-

ities markets are organized as dealership markets. Examples include the foreign

exchange market, the U.S. government bond markets, the over-the-counter stock

market in the U.S. (NASDAQ), and the market for U.K. and Irish stocks, the Lon-

don Stock Exchange (LSE), which is the subject of this thesis. The thesis consists

of four related empirical studies relating to different aspects of the microstructure

of dealership markets in general and the London Stock Exchange in particular.

We will now motivate and briefly summarize the main findings of these studies,

and state the contribution each of them attempts to make to the existing body of

literature.
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The theoretical literature on the microstructure of dealer markets dates back to

Demsetz (1968), who studied the role of a dealer as a provider of immediacy in

a market where traders do not always arrive simultaneously. In such a market,

Demsetz argued, impatient traders who did not want to wait for a counterparty

with opposite trading desires, would be willing to pay a dealer for the service of

immediacy provision. If payment was incorporated into prices, this would give

rise to a bid-ask spread, i.e., the market price would depend on the direction of

trade. The first issue we want to investigate in this thesis has its roots in the work

of Garman (1976), who, following Demsetz' analysis, addressed the question of the

viability of a dealer's position when buyers and sellers arrive randomly over time,

thus giving rise to intertemporal imbalances in order flow. A dealer with finite

inventory and capital would only avoid failure to occur with certainty if she set her

quotes to control her inventory, and even then she faced a positive probability of

default. Garman's assumptions were highly stylized and unrealistic, especially the

premise that the dealer could only once set her quotes at the beginning of trading,

but his work highlighted an important intertemporal dimension of the dealer's

function as a provider of immediacy. In a very similar framework, Amihud and

Mendelson (1980) extended Garman's analysis by allowing the dealer to change her

prices in response to the order flow. Their model produces very rich implications

for the behaviour of dealer inventories and the way in which dealers exercises

inventory control. In particular, it predicts that dealers will have a "preferred"

inventory level, and that they will actively use their quotes to induce public order

flow which allows them to revert towards that level.

Other researchers, notably Stoll (1978a), tried to address the dealer function from

a different angle. Stoll saw the dealer as a market participant willing to accom-

modate the trading desires of other traders. Since trading alters the portfolio of

15



the dealer, she has to be compensated for assuming an unwanted risk and invent-

ory position. Again, compensation is paid in the form of the difference between

bid and ask prices, which are set in a way that encourages order arrival in the dir-

ection desired by the dealer. Ho and Stoll (1981) extend Stoll's original analysis

into a multi-period setting. while Ho and Stoll (1980) and Ho and Stoll (1983)

model a market with multiple competing dealers, as does Biais (1993). The latter

papers will he of particular interest, of course, since the model closely resembles

the actual market structure of the London Stock Exchange.

Although the overall content of the "inventory control" hypothesis is generally ac-

cepted, the empirical work concerned with testing its implications and predictions

has produced rather mixed results and remains unsatisfactory, in particular with

respect to multiple dealer markets. One of the main reasons for this failure to

find convincing empirical evidence in support of inventory control in spite of the

strength of the theoretical argument, seems to have been the lack of appropriate

data, which, in turn, typically resulted in low power of formal statistical tests.

For example, one common prediction in this literature is that the dealer will exer

cise inventory control by adjusting her prices in response to past order flow; she

will raise (lower) her prices after an inventory depleting (increasing) transaction

to encourage order flow in the opposite direction (Amihud and Mendelson (1980)).

A common approach to test for inventory control effects in the price formation

process is thus to regress price changes on past order flow and inventory levels

(Hasbrouck (1988), Madhavan and Smidt (1991)). However, the dealer not only

changes her prices because of inventory considerations, but also because of the

information contained in the order flow (Bagehot (1971), Glosten and Milgrom

(1985), Kyle (1985)). The problem for the empirical researcher is to distinguish
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between these two effects, which generally has proved very difficult, as both give

rise to a price imI)act in the same direction, at least temporarily.

This thesis uses an extensive dataset from the London Stock Exchange which a!-

lows to overcome the prol)lem of having to make indirect inferences, e.g., via the

price process, as in the case just described, by allowing to reconstruct dealer in-

ventory time series and thus to investigate dealer behaviour relating to the control

of inventories directly. By utilizing this feature of the data, the thesis contributes

to our understanding of these important issues in a. number of ways. It studies

a multiple dealer market, a market structure which has arguably been under-

researched in this respect, even though microstructure theory's predictions for it

are particularly rich, as they cover not only individual dealers' inventories, but

also interactions among dealers and their inventories in relation to each other.

The evidence found is strong and in support of the inventory control hypothesis.

Previous research was not able to address these predictions properly, if at all,

because of the aggregate nature of the data usually employed.

Initially abstracting from competitive aspects, we begin with an analysis of in-

dividual dealer inventories. Univariate Augmented Dickey Fuller tests for unit-

roots confirm existing evidence, mainly available for single dealer markets, that

non-stationarity of end-of-day dealer inventories cannot be rejected for the whole

population of dealers, contrary to what is implied by inventory control. Seve-

ral explanations for this undesirable result, relating to methodological, modeling,

and data shortcomings, are discussed and explored. Estimated mean reversion

coefficients are well below those found in studies of single dealer markets, but con-

clusions about the influence of market structure on inventory mean reversion have

to be drawn cautiously, because of the differences between the samples underlying

17



each research project.

Mean reversion is further found to vary across both stocks and dealers, and sev-

eral factors and their likely contribution to this result are explored. Microstruc-

ture theory suggests that risk and liquidity related factors will help explain the

cross-sectional variation in mean reversion, and our results confirm that this is

indeed the case. Strikingly, one of these factors is found to be the availability

of cross-listed securities. This is interesting new evidence tha.t stands somewha.t

in contrast to the existing evidence on the linkages between the U.N. and U.S.

stock markets, suggesting that there are fine links between these markets which

are perhaps too subtle to be detected by traditional methodologies. The evidence

is indirect, however, and the argument could be considerably strengthened by the

incorporation of additional data. However, this is beyond the scope of our work

here.

We then turn to tests of the inventory control hypothesis as it pertains to compe-

titive dealer markets, using the seminal theoretical model of Ho and Stoll (1983)

as guidance in the formulation of testable implications and hypotheses. Many of

the implications concern the behaviour of dealers' inventory positions relative to

each other, and have not been investigated previously. Again, our results lend

broad support to the inventory control hypothesis as it relates to a market with

competing dealers. Our findings include that dealers with extreme inventory pos-

ition are significantly more likely to execute order flow in their desired direction,

that dealers who quote the most competitive prices obtain significantly more order

flow, and that the relationship between the positioning of a dealer's quotes and her

subsequent inventory changes is as predicted by theory. A re-examination of the

evidence on mean-reversion from the individual dealer series in the light of com-
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petition reveals that mean-reversion speed is a function of the relative inventory

level of a dealer with respect to her competitors.

In addition, we present original results regarding the nature of inter-dealer trading.

We find that inter dealer trades are larger in size than public trades on average,

hut their variation in size is smaller than that of public trades. Dealers are

also found to be more likely to engage in inter-dealer trading the further away

their inventories are away from their desired levels, which implies that as dealers

become concerned about the large deviation of their inventories they prefer the

certainty of dealing with a competitor to waiting for the uncertain arrival of a

public order.

In the second part of the thesis, we turn our attention to issues related to another

large strand of the literature on the microstructure of markets which is commonly

referred to as the "information" literature. 2 This literature dates back to the

insight of Bagehot (1971) that, in addition to the "inventory control" problem,

the dealer also faces the risk of trading with investors who are in possession of

information superior to her's. As in the case of inventory control, the dealer

needs to use her quotes to protect herself against the inevitable losses resulting

from trading with better informed counterparties. In the absence of this adverse

selection problem, we saw above that the dealer set her spread to recover the

costs of providing immediacy (Demsetz (1968)), and as compensation for holding

unwanted inventory risk (Stoll (1978a)). Now, adverse selection gives rise to a

further, information-related component of the bid-ask spread.

There is a vast literature on the measurement of the dealer's spread and its corn-

position, which Stoll (1993) tries to categorize, while at the same time proposing

2 Compare the terminology used in O'Hara (1995).
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a new and complementary measure himself. Stoll argues that, for investors, the

spread represented a payment to the suppliers of immediacy in the market, i.e., to

the dealers in our case, and that it was thus straightforward to get an estimate for

these cost by equating investor trading costs with dealer trading revenues. Stoll

then proceeds to analyze accounting information obtained for the U.S. securities

industry to obtain a trading cost estimate, but does not compare his finding with

results derived from traditional methods. The latter is the aim of our work.

We do not have accounting data on market maker trading revenues, but our data

allows us to follow the trading account of dealers over time and thus to compute

the revenues they derive from their market making activity. We compare our

estimates to various measures of the bid-ask spread proposed in the literature,

such as the quoted, the effective, and the realized spread, and find that the actual

trading revenues earned by market maker fall far short of the revenues implied the

bid-ask spread measures. Formally this implies that the revenues that a market

maker earns by charging the spread is largely, if not entirely, eroded by the losses

she makes on her inventory position.

The effective and realized spread measures allow interesting inferences regarding

the adverse selection component of the spread. The figures suggest that in our

sample roughly 15-17% of the spread are due to adverse selection costs, and that

this proportion is higher in stocks which are cross-listed on U.S. exchanges. This

latter finding is another piece of evidence of a subtle link between these markets

and is consistent with the notion that private information is produced in both

overseas and domestic markets.

We also investigate the correlations among these various measures, and find all

spread measures to he highly correlated, implying that easily observable spread
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measures such as quoted spreads might serve as good proxies for other measures

such as the effective and realized spread which are harder to estimate. Correlations

between spread measures and revenue margins are generally low and insignificant,

implying that the spread charged is not a large and stable component of a dealer's

revenue, hut that it is dominated by the losses incurred on share inventory through

adverse price changes.

The last study is related to the role of dealers process of price cliscovei'y in dealer-

ship markets. In dealer markets, price discovery is facilitated by the price setting

of dealers. Early examples of models in the information based microstructure

literature highlighting this function of dealers include Copeland and Galai (1983)

and Glosten and Milgrom (1985). These models assume that, under competition

and in the absence of other costs such as order processing or inventory costs, the

dealer will set the price for each order equal to the expected value of the asset

conditional on the information inherent in the order. Prices in this setting are

efficient in the sense that they reflect all publicly available information.

However, this result need not hold if the dealer has some market power. As Glos-

ten (1989) shows, a single dealer will find it advantageous to set prices which

maximize her profits rather than efficient prices. In another single dealer model,

Leach and Madhavan (1993) show that the dealer will actively try to encourage

informed order flow in early trading rounds, in order to gather the information

herself and to exploit this informational advantage in later periods. Again, market

prices are not informationally efficient. In both models, the dealer acts strategic-

ally, but this result depends crucially on the assumption that there is no direct

competition.

However, as Macihavan (1995) shows, the same result can also arise in a mar-
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ket with several competing dealers, if the market is fragmented. In particular,

Madhavan analyzes a market fragmented by the delayed publication of trade in-

formation, and shows that, while competing dealers will expect to make zero

profits in the long run, they will behave strategically and make use of their private

information regarding past order flow, so that prices will not be efficient.

Our aim in this study is investigate whether strategic dealer 1)ehaviour occurs

and is important in practice. If order flow does contain information, one might

expect dealers to use that information to make money rather than to reveal it

through their quotes. We try to find evidence for this by comparing the revenues

earned by two complementary trading strategies that market makers could in

principle follow. In particular, adapting an argument first advanced by Easley

and O'Hara (1987), we identify one strategy which can be conjectured to consist

of trades which are more likely to be potentially motivated by private information

(i.e., large trades and trade predominantly in one direction), and its complement

(small trades, balanced order flow) that can therefore be regarded as consisting

of trades which were not motivated by private information. We find that the

latter strategy earns significantly positive margins, while the former produces

erratic margins indistinguishable from zero and negative on average, and rule

out explanations such as inventory risk and order processing cost differentials

between the two strategies, as well as irrationality of market makers and benefits

outside the market making business, for we show that market makers who do

more of the "unprofitable" trades are more profitable overall. We conclude that

market makers take on trades which they expect to be loss-making because they

expect to get some compensating advantage in their trading activity, and try to

distinguish between two such advantages, namely the acquisition of information

and the creation of customer loyalty, and find (weak) evidence in favour of the



information explanation. Our evidence is consistent with strategic behaviour of

dealers on the London Stock Exchange and indicates that the role of dealers in the

price formation process is more subtle than traditionally believed and in keeping

with the predictions of Maclhavan's (1995) model of a fragmented market.

The thesis does not claim to provide definitive answers on all the questions it

seeks to address. Some of the analyses are of an exploratory nature with ex-post

rationalization as to how we might explain our findings. A comprehensive micro-

structure model of the London Stock Exchange which incorporates the important

institutional details and therefore provides strong guidance in the formulation of

hypothesis regarding the issues we want to address is unavailable. At this point it

is our hope that those parts of our research will help to establish empirical regu-

larities which may eventually lead to the formulation of a testable comprehensive

microstructure model. However, it is clear that with our approach it would be

particularly desirable to confirm the robustness of our results across different

(sub-)samples at a later stage.

We should also add that in certain parts of this thesis our methodologies are

adopted in a straightforward fashion from similar studies on U.S. securities mar-

kets, without modifying these methods to fully reflect the unique features of our

dataset or the London Stock Exchange. One example is the calculation of effect-

ive spreads, where we follow the U.S. convention of taking the absolute value of

the difference between the transaction price and the contemporaneous midquote,

which effectively leads to a loss of information on market makers' "reaching across

the market", i.e., selling (buying) at a price below (above) the rnidquote. While

potentially interesting and valuable information might be lost by using U.S. style

methodologies, the methodologies themselves are nevertheless well established and
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using them should allow better comparisons across markets.

The thesis is organised as follows. The next chapter very briefly introduces the

trading system on the London Stock Exchange and the sample that we will use

for our empirical work. Chapters 3 and 4 contain the eml)iriCal investigations

related to the inventory control hypothesis. Chapter 5 contains the analysis of

the different spread and revenue measures, and Chapter 6 contains our study of

strategic dealer behaviour. Note that parts of Chapters 4 and 6 are drawn from

joint work with Narayan Naik and S. \1iswanathan, and Anthony Neuberger,

respectively.

Tables and figures can usually be found at the end of each chapter. There are

three appendices. Appendix A describes the LSE trading system in greater detail,

while Appendix B contains a description of the database used. Appendix C lists

dividend information for the stocks in the sample.
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Chapter 2

Data Source and Sample

Description

2.1 The London Stock Exchange Trading System

The London Stock Exchange' is the national stock exchange of the United King-

dom. For active stocks, the exchange is organized as a computerized, decentra-

lized, competing dealership market. The members of the exchange are broker-

dealers, who have the right to serve as a principal or agent in an exchange trans-

action. During our sample period there were more than 400 broker-dealers and

around 25 market making firms, with at most 18 market makers in any one stock.

Any member of the exchange is free to register as a market-maker in any share.

A market maker is a broker-dealer who commits to quoting firm two-way prices

on the exchange's quote dissemination system during the mandatory quote period

'We want to give only a very brief description here. A far more detailed description of the
trading system as it was at the time of our study can he found in Appendix A.
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from 8:30am to 4:30pm in return for certain privileges such as access to inter-

dealer broker services, stock borrowing rights, and relief from stamp duty.

The minimum size for which the market-maker can quote is the Normal Market

Size (NMS) which corresponds roughly to 2.5% of average daily public volume,

and varies across stocks. Quotes and corresponding sizes are carried on the Stock

Exchange Automated Quotation (SEAQ) screens, which are available to all LSE

members. The best bid/ask quotations form the market spread or "touch" and

are highlighted on the screen's "yellow strip".

A customer or broker who wishes to deal with a market maker will contact him

by phone and negotiate a price. The price agreed may be better than the price

the market maker is quoting on the screen. Once the trade is concluded, it has to

be notified to the exchange within three minutes. Rules on publishing the details

of the trade have been the subject of considerable controversy, and have varied

over time. At the time from which our data are taken, the price and size of small

trades were published immediately on the SEAQ screen but for large trades (over

three times NMS) details were only published after a delay of 90 minutes. Note

the important distinction between notification to the exchange and publication of

transaction details to the market.

Market makers can deal with each other directly over the phone or through the

intermediation of an Inter-Dealer Broker (1DB). Only market-makers can deal

through the 1DB; a market-maker wishing to trade a block of shares through the

1DB notifies the 1DB of the quantity and price; the 1)id or offer is published on

the 1DB screen available only to market-makers, who can then trade the block.

Trading in this facility is anonymous.

26



2.2 The London Stock Exchange Transaction and

Quotation Database

The empirical results in this thesis are based on data taken from the London Stock

Exchange Transaction and Quotation Database. 2 This database was obtained by

the Institute of Finance and Accounting at the London Business School from the

London Stock Exchange. It covers the entire history of bargains and market maker

ciuotations for the six-year period from "Big Bang" in August 1986 until August

1992. The data originates from the Stock Exchange Automated Quotation (SEAQ)

system, and the Exchange's equity settlement system, as they were in operation

during that time.

The following two sections contain a description of the data focusing on the essen-

tial features and their usefulness for the type of empirical research undertaken.

2.2.1 Transaction Data

In brief, each record in the dataset contains the following information (compare

Table XXXIV in Appendix B):

• stock identification number (SEDOL)3

• the (coded) identities of the buyer and seller participating in the transaction,4

2 A detailed and technically comprehensive description of the database can be found in Ap-
pendix B. This section will only describe those features of the data essential for the empirical
work carried out.

3 A security classification system used by the Exchange.
4 Coding implies that niarket makers cannot identified by name, nor across stocks.
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• the dealing capacity of buyer and seller (i.e., whether they acted as agent

representing an order from the j)ubIic, or as principal and possibly market

maker) in a transaction,

• the price at which the bargain took place,

• the date and time (up to the nearest minute) at which the transaction was

executed ,

• the share quantity traded, and

any special conditions that applied to that particular bargain.

The data are the same as those used by the Exchange for surveillance and settle-

ment purposes.

2.2.2 Quotation Data

The quotation dataset contains information regarding (compare Table XXXV in

Appendix B):

• the quotes (bid and ask prices) posted by each market maker,

accurate (up to the nearest second) information about times during which

the quotes were valid, and

• the quantities for which these quotes were firm.

5 As explained above, as soon as a trade is executed, it has to be reported to the Exchange
within 3 minutes of completion. This is the time our data provides. Depending on the size of
the trade, the exchange niight have delayed the announcinent of trade details to the public at
large by ninety minutes. Compare the description of the publication requirements in Appendix
A.
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Because of the requirement for market makers to post quotations during exchange

hours, the quotation data is also used to identify the set of market makers re-

gistered in each stock.

Together, the richness of the two data sets enables the researcher to reconstruct

the actual trading and quoting history of each of the individual market makers

in any stock. Most importantly, since the dealing capacity of the counterparties

is known for every transaction, it is straightforward to infer trade direction from

the data in most cases.6

This or similar data has been used by a number of researchers to look at a

variety of issues. Notable examples include Ahhyankar et. al. (1994) with a

study on intraclay spread and volume patterns, Board and Sutcliffe (1995, 1997),

Gemmill (1996), Lai (1996) for studies of the effects of the transparency regime,

Reiss and Werner (1995) on transaction costs in dealer markets, Snell and Tonks

(1995, 1996) who analyze the price formation process on the LSE, and Hansch and

Neuberger (1995) who measure the costs of trading blocks. More recent research-

in-progress includes Reiss and Werner (1997) who study the costs of different risk

sharing mechanisms among dealers, Naik and Yadav (1996a) who examine the

effect of asymmetric information on risk sharing among dealers, Naik and Yadav

(1996b) who look at execution costs and order flow characteristics, Hansch, Naik

and Viswanathan (1996) who examine the effect of preferencing, internalization

and best execution on trading costs, and Board, Fremault Vila and Sutcliffe (1997)

who examine market maker heterogeneity, the committment of market makers to

act as providers of liquidity and contributors to price discovery.

6 This is often a problem in studies on U.S. data, where researchers have to make use of a
procedure such as the one suggested by Lee and Ready (1993). See Laux (1995) for a discussion
of the problem of misclassification arising from the use of Lee and Ready's algorithm.
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2.3 Sample Selection

Due to computational constraints it proved impoSSil)le for us to analyse the whole

database. 7 We therefore conducted the empirical work in this thesis on a sample

of stocks. Since the most liquid and actively traded stocks (FTSE 100) account

for over 60% of the equity trading volume on the LSE, we took a representative

sample of stocks included in this index.

The sample-dataset consists of detailed 1)argain and c juotation information for

30 stocks for the period from July 1, 1991 to July 24, 1992 (27:3 trading days).

The 30 stocks were selected through a procedure of stratified sampling from the

constituents of the FTSE 100 index as of July 1991. Index constituents were

ranked according to descending market capitalization and 10 stocks were randomly

drawn from each market capitalization tercile. The names of the stocks thus

selected are given in Table I 8

While our data records every transaction on the LSE in detail, we do not have

access to trading data for market makers at other trading locations. In particular,

market makers have access to American Depository receipts (ADRs) on some of

the stocks in our sample. American Depository Receipts are for the shares of a

non-U.S. based company held in a U.S. bank and entitling the receiptholder to

all dividends and capital gains. ADRs are in essence a complex security which

7Our work began on a Personal Computer equipped with an Intel © 286 microprocessor.
During the time of writing this thesis, prices of computer memory and storage have declined
strongly and steadily, and London Business School implemented a major investment programme
to improve its computing facilities. The data is currently stored on an HP9000 workstation.
While the sample size could have been incremented alongside these changes, there was no
"quantum-leap" in computing power at any stage which would have warranted repeating the
already completed work. Furthermore, there are limits to increasing sample size or the length
of the sample period as discussed further below.

8Contained in the initial sample were two stocks which experienced rights issues during the
chosen sample period. These two stocks were discarded and replaced by another random draw
from the respective terciles.
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bundles the claim to the underlying stock with a service contract. They are

fully convertible into the underlying stock, but conversion is not entirely costless.

An ADR investor has to go through the depositary bank in order to exercise

his voting rights pertaining to the underlying shares, and will receive dividends

in U.s. dollars, and possibly subject to a fee. 9 Underlying U.N. shares can be

converted into ADRs at the cost of stamp duty reserve tax which is chargeable

at three times the rate of stamp duty. Any further trading in ADRs is then, of

course, exempt from stamp duty. ADRs can be converted back into shares at

the cost of a cancellation fee which is set by the depositary bank. Activities of

market makers in ADRs are not recorded in our database, so that our market

maker trading records do not necessarily reflect the dealer's world position in the

stock.

Out of our sample of thirty stocks, seven stocks have ADRs listed on the New York

Stock Exchange, one ha.s an ADR listed on the National Association of Securities

Dealers Automated Quotation System (NASDAQ) and one has an ADR listed

on the American Stock Exchange (AMEX). These nine stocks are marked by an

asterisk in Table I. All of the ADRs were created before July 1, 1991 (our sample

start date). In our empirical sections, we will often report our results for the two

sub-samples (ADits and non-ADRs) separately, in order to identify the extent

to which the non-availability of foreign trading data on the nine stocks might

influence our overall results.

9 Dividend fees are more common for "unsponsored" ADRs. Sponsored ADRS are created
by the company whose shares they represent, who usually pays most of the issuance and sub-
sequent dividend fees charged under the deposit agreement. Unsponsored ADRs are created by
independent action from interested investors. Compare the discussion of ADRS in Saporta and
Kan (1997).
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2.4 Filtering Procedures

In preparing the data for use in the empirical analyses from the raw transaction

and quote records received from the Exchange, certain cleaning procedures had

to he applied.

Whenever a record did not correspond to an equity bargain, it was removed from

the dataset. When a bargain is notified erroneously to the Exchange, it is reversed

by a second bargain on the transaction record which is specifically identified

as a so-called contra-1)argain. In general, the original bargain can be identified

confidently by matching the size, direction and price, and both transactions were

removed. There were also a small number of transactions (identified as such on

the original data file) which were the result of the exercise of options (so-called

traditional or over-the-counter options, not exchange traded). These are recorded

as bargains occurring at the exercise price of the option and were also removed

from the record. Finally, a small number of anomalous entries for zero quantity

or zero price were also removed.

For some transactions, the price information was stated in currencies other than

Pound Sterling. In those cases, the Pound Sterling price was approximated by

the average of prices observed for transactions that took place on the same side

of the market (i.e., buy or sell), in similar size, and at roughly the same time.

Another procedure for converting foreign currency prices into Pounds Sterling

could use foreign exchange data, but accurate intraday data were not readily

available. Furthermore, a sizeahle number of transactions were recorded as so-

called "shapes", i.e., transactions in which one party splits her order among two

or more counterparties. 1 ° These shapes were compressed into a single transaction

'°For example, a broker might collect orders from two or more of her customers, and then
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record between the two parties involved.

There is some doubt about the accuracy of the date and time stanips. For quite a

few records the two time stamps provided by the buyer and seller in the bargain

differ. This problem is discussed more fully in Lee (1989; Chapter IV). The

approach taken here is to choose the earlier time of the two, the reasoning being

that "early" reporting is less likely than delayed reporting, for example clue to

backlogs, computer downtime etc." In addition, research by Franks and Schaefer

(1995) casts some doubt over the accuracy of the sequence of transactions as

they are recorded in our database. They report evidence of a practice employed

by market makers to "protect" trades. In a typical protected trade, a broker

approaches a market maker with a (large) order. The market maker guarantees

execution of the order at a certain price, but offers to better the price if market

conditions allow him to do so later on in the day. If protection is agreed upon,

the market maker will then seek to lay off the incoming order in the market. If

prices do improve, the customer will indeed receive somewhat better execution,

while being protected against worsening prices. The problem for analyses of the

effective spread arising from this practice is that observed transaction prices and

touch quotes are not contemporaneous. Franks and Schaefer analyze a sample of

66 protected trades done by one major market maker on the LSE. The average

time between inception of the trade, i.e., the time the dealer had knowledge of the

incoming order, and its actual execution and notification to the Exchange, was

more than 2 hours in their sample.

It is important to discuss a few of the problems that inaccurate time-stamping and

strike a bargain with a market maker over the sum of the individual orders.
' 1 Note, however, that Werner and Kleidon (1996) use the seller's time stamp since that is

used for settlement purpo,es.
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the practice of protected trading can cause for our research. The result of both

these data shortcomings is that the order in which trades are recorded/analyzed

in our database does not correspond to the "economic" sequence of events, which

may ultimately adversely affect our inference. This is particularly the case for our

analyses of effective and realized spreads (Chapter 5). The former compares the

price at which a transaction takes place with the current market quotes and thus

relies crucially on transactions and quotations being contemporaneous. The latter

method computes price reversals by comparing prices of subsequent transactions

with each other and clearly relies on trades being recorded in the sequence in

which they were actually conducted in the market place. With inaccurate time-

stamps and trade protection, it is likely that these conditions are not satisfied,

and that consequently our results may he affected.

Equally affected by these data shortcomings will be our measures of mean re-

version in market maker inventories (Chapter 3). If our database does not store

trades in their original sequence, our estimates of mean reversion coefficients will

necessarily be noisy. However, since we choose to analyse end-of-day inventor-

ies, we expect only a minor amount of noise as mis-orderings will likely be most

important in intraday data.

Unfortunately, the same has to be said about our investigation of competitive

market maker behaviour, where we, among other things, try to relate inventory

and quoting behaviour of dealers (Chapter 4). Again, any inaccuracies of time-

stamping or ordering of trades will affect our results. It is thus important to

keep this caveat in mind while interpreting the evidence presented in this thesis.

However, we do not expect a systematic bias, but merely additional noise due to

these inaccuracies.
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Fortunately, not all our analyses are potentially affected so severely by the above-

mentioned data shortcomings. Our analysis of dealer profits, for example, should

he relatively immune to mis-orderings of trades during the sample period.

The data does not identify whether a l)artiCUlar trade was part of a so-called

basket trade, where a whole portfolio of shares is traded, and a separate handling

fee is paid to the market maker. Exchange officials as well as mai'ket participants

informed us that these would often he 'put through" at 16:30 hours, but attempts

to identify baskets failed.

Information about market capitalization, several risk measures, normal market

size, average share price, and gross dividends was obtained from the London Share

Price Database (LSPD) maintained at London Business School. Cross dividend

information was matched according to the SEDOL code of the security and the

ex-dividend date(s). Tables II and XXXVIII (the latter in Appendix C) list the

relevant information obtained from the LSPD.

2.5 Summary Statistics Of Sample Stocks

Having described the nature of the dataset, we now proceed to describe and sum-

marize the sample used in the empirical analyses. Table II provides information

about the sample stocks which was drawn from the LSPD. The largest stock

in our sample, measured by its capitalization, is British Telecom with a market

value of £22 billion, while the smallest, Sedgwick Group, was valued at just £830

million. The stocks thus cover a wide range of sizes, with the average company

having a market value of roughly £3.2 billion. Stocks with ADRs are about three

times larger on average than Non-ADR stocks. The stocks' betas coefficients, as
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measured against the FTSE AliShare index, vary from 0.76 (BT) to 1.27 (Stand-

ard Chartered). The average stock has a beta close to unity, both overall and

in each sub-sample. Total risk as well as specific risk average at :30% and 19%,

respectively, overall aiid in both sub-samples. Standard Chartered was the riski-

est stock with a total risk of 41%, and Associated British Foods the least risky

with total risk of 19X. Normal market size 12 varies between 100,000 (3 stocks)

and 10,000 (5 stocks) shares. Most stocks (11 stocks in total) have an NMS of

25,000 shares, the sample average being 39,000. ADR stocks have roughly twice

the NMS of Non-ADR stocks, indicating that high volume stocks are more likely

to have ADRs. The average price level of the sample stocks is £3.50, with a max-

imum of £6.00 (Kwik Save Group) and a minimum of £1.39 (Smith & Nephew).

Figure 2.1 depicts the price movements of the FTSE 100 stock index over the

period covered by our sample. The index stood at 2443.6 points on July 1, 1991,

and ended the sample period within 50 points of that figure at 2399.6 points.

Volatility, measured as the standard deviation of log returns over the period, was

5.7%.

Before we turn to the summary statistics derived from our database, we would

like to introduce the following convention for calculating public and inter-dealer

trading volume. Suppose a public trader sells 100 shares to market maker A at

£1 per share. Market maker A then sells 50 shares to market maker B at £1.10

and 50 shares to another public trader at £1.15 per share. Further suppose that

market maker B sells the 50 shares at £1.20 to yet another public trader. Then

the total trading volume in this case amounts to 250 shares worth £272.50 out of

which public volume equals 200 shares worth £217.50 and the inter-dealer volume

equals 50 shares worth £55.00.

' 2 For a definition of Normal Market Size (NMS) see Appendix A.
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The filtered dataset covers roughly 868,000 transactions and a total trading volume

of £56 billion. Table III reports the trading volume details of the thirty stocks

in our sample which are ranked in descending order of average daily total volume

(ALL TRADES), which varies from £21.5 million in British Telecom to less than

a tenth of that in Associated British Foods with £2 million, the overall sample

average being £6.9 million. The average number of trades per day in our sample

was 106, with a maximuin of 383 and a minimum of 19. Number of trades is

strongly correlated with volume. Trade sizes average at £74,000 for the whole

sample, with a maximum of £146,000 in Kwik Save Group, which has also the

highest average price, and a minimum of £40,000 in Marks & Spencer. Also given

are the stocks' velocities, measured as their annual trading volume as a percentage

of market capitalization. The last two columns of this panel provide information

regarding the number of trades and the percentage of average daily total volume

which was subject to delayed publication under the Exchange's rules. On average,

about 5 trades per day were larger than three times the stock's NMS, however

these few trades accounted for 56% of volume, implying a highly skewed trade

size distribution.

Average daily total volume can be broken up into three components: the first com-

ponent consists of trades involving a stock exchange member and a public trader

(PUBLIC-MARKET TRADES), the second consists of trades between exchange

members either directly or via the 1DB system (INTRA-MARKET TRADES).'3

This decomposition leaves a third category, namely trades involving only public

traders ("agency crosses"), which is not shown separately, but can he recovered

' 3There are four sub-categories of intra-market trades: The two most common types are via
the 1DB services, and by direct phone conversation between two market makers. The third
category involves one registered market maker and one regular broker-dealer, while the fourth
involves two broker-dealers who are not market makers.
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from the table. Average volume in this last category is less than 1% of total

volume, and can thus 1)e regarded as negligible for our purposes here.

Public trading with exchange members accounts for 68% of total trading on ave-

rage for our sample stocks, with an average trade size of £62.000, indicating

that public trades tend to be smaller than inter-dealer trades. The average daily

number of public trades varies from 356 in British Telecom to 13 in Associated

British Foods, the sample average being 93. Intra-market trades are less freciuent

(13 per day on average), but roughly twice the size of public trades. On the

other hand, only 10% of intra-market volume lies above the immediate publication

threshold, compared with 45% of public trades, indicating that, while smaller on

average, public trade sizes tend to be far more variable than intra-market trade

sizes.

Since we will be interested in the behaviour of market makers, Table V provides

information regarding the trading volume handled by them. Market makers (act-

ing as principals for their own account) are involved in roughly 74% of average

total volume, and 89% of average public volume with exchange members. 52%

of this public volume comes in sizes above the publication threshold, and is po-

tentially hidden from other market makers for 90 minutes (in some cases up to 5

working days). Direct inter-dealer (1MM) and 1DB trading are equally important

with roughly the same volume, number, and size figures.

Figures 2.2 and IV show the average distribution of number of transactions

and trading volume for different categories of trades across our sample stocks. A

large majority of transactions (over 80%, for public trades with exchange members

almost 90%) are small, i.e., smaller than 1 NMS, except for intra-market trades

which tend to be larger. Trading volume is far less concentrated. As could be seen
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in Table III , the majority of total turnover is above the publication threshold.'4

Table IV breaks the (liStril)Utiofl of 1)UhliC volume up into individual stocks. The

distributions are very similar, but interestingly get more peaked as total trading

volume declines, as shown in Figure 2.4.

Overall, these volume summary statistics compare very well with those repor-

ted by Board and Sutcliffe (1995, 1997), Board, Fremault \T iIa and Sutcliffe

(1997), Reiss and Werner (1995), and Reiss and Werner (1997) for their respective

samples, which increases our confidence in having chosen a representative sample

and filtered the data correctly.

As can be seen from Table VI , about thirteen market makers are registered in

each stock, on average. Eight stocks have fifteen market makers or more while

five stocks have nine market makers or fewer, with the minimum being seven.

The second column shows the number of active market makers in each stock,

where we have defined active as having 5% or more market share. This definition

excludes on average 5 to 6 market makers in each stock with an average joint

market share of 11%. In general, stocks with a higher trading volume have more

market makers. When we rank the market makers in descending order of market

share, we observe that, on average, the largest market makers execute about 22%

of the public trades, and the largest five market makers account for 63% of public

volume on average. Market making is somewhat concentrated as indicated by the

figures for the Herfindahi equivalent numbers.

' 4 Board and Sutcliffe (1997) find that the volume distribution has not changed very much
since the introduction of new rules restricting the delay of publication to trades larger than 6
NMS on January 1, 1996.
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Beta

0.76
0.97
1.00
0.91
0.79
1.20
1.20
0.87
0.82
1.17
1.08
1.09
0.88
1.38
1.27
1.03
1.20
0.96
0.93
0.97
1.22
1.21
1.19
0.77
1.03
0.99
0.99
1.26
0.86
0.46
1.02
1.05
1.00

Total
Risk

24
25
27
27
25
34
32
28
31
33
30
29
25
40
41
29
32
28
26
29
33
36
32
24
35
32
28
29
26
19
30
30
30

Table II: Descriptive Statistics for Sample Stocks

Stock

British Telecom
Hanson
Barclays
Marks & Spencer
General Electric
RTZ
British Airways
Boots
Cadbury Schweppes
Royal Insurance Holdings
Tate & Lyle
Sun Alliance Group
Land Securities
Dixons Group
Standard Chartered
Legal & General GP
Royal Bank of Scotland
Smith & Nephew
Commercial Union
Guardian Royal Exchange
Tom kins
Siebe
GKN
Kwik Save Group
Willis Corroon
Sedgwick Group
RMC Group
NFC
Dalgety
Associated British Foods
Sample
ADR
Non-ADR

Market
Capital'n

(in £m)
21845
10395
6169
7953
5766
5658
1640
433X
3020
1445
1269
2552
2336

858
966

1891
1377
1390
2190
1404
1159
1099
941
938

1042
828

1133
1203
904

2075
3193
5817
2068

Specific
Risk

(in %)
17
13
16
18
18
21
18
20
25
20
17
17
15
26
30
18
18
18
15
20
19
25
18
16
27
23
17
20
18
16
19
19
19

NMS

xl000)
100
100
75
50

100
50
75
50
25
25
25
25
25
50
25
25
50
50
25
50
10
15
25
10
25
25
10
15
10
10
39
57
30

Avg.
Price

(in pence)
355
216
386
291
213
568
225
432
420
298
370
320
463
221
411
391
178
139
498
163
367
504
362
609
255
214
582
218
400
463
351
313
367
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Figure 2.2: Transaction Number Distributions along NMS categories
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Stock

British Telecom
Hanson
Barclays
Marks & Spencer
General Electric
RTZ
British Airways
Boots
Cadbury Schweppes
Royal Insurance Holdings
Tate & Lyle
Sun Alliance Group
Land Securities
Dixons Group
Standard Chartered
Legal & General GP
Royal Bank of Scotland
Smith & Nephew
Commercial Union
Guardian Royal Exchange
Tom kins
Siebe
GKN
Kwik Save Group
Willis Corroon
Sedgwick Group
RMC Group
NFC
Dalgety
Associated British Foods
Sample Average
ADR
Non-ADR

0-0.5 0.5-1

	

15	 8

	

18	 7

	

17	 10

	

24	 9

	

14	 6

	

18	 7

	

11	 7

	

19	 8

	

14	 6

	

7	 2

	

10	 4

	

6	 3

	

14	 5

	

7	 4

	

5	 2

	

10	 4

	

8	 3

	

9	 3

	

10	 4

	

10	 4

	

10	 3

	

10	 5

	

7	 3

	

3	 2

	

5	 3

	

4	 2

	

6	 3

	

10	 3

	

7	 2

	

3	 2

	

10	 4

	

12	 5

	

10	 4

Table IV : Public Volume across NMS categories
The table shows the distribution of public trading volume across several NMS categories
for individual stocks. All figures are percentages.

NMS - Category
1-1.5 1.5-3 3-6 6-25 25-75 >75

9	 23	 22	 18	 4	 1
7	 20	 23	 19	 4	 1

15	 14	 26	 16	 2	 0
10	 13	 23	 19	 3	 0

7	 22	 21	 17	 5	 8
9	 20	 22	 21	 2	 0

12	 14	 30	 24	 3	 1
8	 25	 23	 15	 3	 0
6	 13	 21	 32	 4	 3
3	 7	 21	 37	 5	 17
5	 11	 25	 40	 6	 0
3	 9	 22	 42	 8	 8
5	 13	 27	 29	 5	 1
6	 19	 37	 25	 2	 0
4	 14	 35	 38	 2	 0
4	 12	 27	 40	 3	 0
4	 13	 33	 31	 3	 6
4	 11	 26	 38	 5	 2
5	 14	 32	 30	 3	 2
4	 12	 31	 29	 8	 3
3	 9	 17	 38	 13	 7
6	 16	 27	 34	 3	 0
4	 10	 23	 43	 9	 2
2	 7	 18	 48	 14	 7
4	 10	 28	 41	 5	 3
2	 6	 20	 44	 9	 12
3	 10	 29	 37	 8	 5
3	 7	 16	 46	 14	 1
2	 5	 15	 55	 15	 0
3	 7	 17	 46	 18	 4
5	 13	 25	 33	 6	 3
7	 14	 25	 28	 5	 3
5	 12	 25	 35	 7	 3
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NUM ACT MSH SDE\T MAX TOPS NES

15
16
14
14
15
14
15
16
17
13
16
13
11
12
13
13
14
16
13
13

9
8

13
7

11
9

13
7

11
11

12.7
13.7
12.3

9
6
8

8
9
9

8
8

6
7
7
7
7

7
7
7
5
7
9
8
7
6
7

7.3
7.6
7.2

6.7
6.3
7.1
7.1
6.7
7.1
6.7
6.3
5.9
7.7
6.3
7.7
9.1
8.3
7.7
7.7
7.1
6.3
7.7
7.7

11.1
12.5
7.7

14.3
9.1

11.1
7.7

14.3
9.1
9.1
8.3
7.8
8.5

5.6
4.4
5.9
5.2
6.4
6.5
6.2
5.1
5.0
7.2
5.6
7.6
8.4
7.1
7.4
6.4
6.9
5.2
6.7
7.3
8.0

11.3
9.9
5.6
6.3
7.4
6.5

10.5
7.0
5.9
6.8
6.4
7.0

17.2
13.4
16.0
16.4
19.2
22.0
21.6
15.2
14.7
28.0
19.7
26.9
22.7
18.8
26.6
21.3
23.6
14.0
23.6
27.1
25.4
35.8
35.6
23.4
24.0
23.4
18.2
32.9
20.7
18.0
22.2
20.6
22.9

.54.7
47.3
.58.2
53.7
63.6
62.5
60.3
53.5
51.8
60.1
53.2
65.9
73.5
65.2
61.9
58.2
63.6
52.5
61.6
62.1
69.4
80.2
76.4
69.3
63.2
70.9
61.5
83.2
65.1
62.0
62.8
60.5
63.8

9.0
10.9
8.6
9.4
8.1
7.9
8.3
9.9

10.1
7.2
9.1
6.9
6.2
7.2
7.0
8.0
7.5
9.7
7.6
7.1
6.2
4.7
5.2
6.2
7.6
6.4
7.9
4.8
7.2
7.9
7.7
8.3
7.4

Table VI Market Share and Concentration Measures
This table shows market share and concentration details of the listed market makers
across stocks. In particular, it shows the number of listed market makers (NUM), the
number of active market makers (ACT, defined as having more than 5% market share
of public order flow in the stock), market makers' average market share (MSFI), its
standard deviation (SDEV), the share of the largest market maker (MAX), as well as
the cumulative share of the largest 5 market makers (TOP5). The last column shows
number of equally sized (NES) market makers that would produce the same Herfindahi
index. Figures in the columns 4 to 7 are percentages.

Stock

British Telecom
Hanson
Barclays
Marks & Spencer
General Electric
RTZ
British Airways
Boots
Cadbury Schweppes
Royal Insurance Holdings
Tate & Lyle
Sun Alliance Group
Land Securities
Dixons Group
Standard Chartered
Legal & General GP
Royal Bank of Scotland
Smith & Nephew
Commercial Union
Guardian Royal Exchange
Tom kins
Siebe
GKN
Kwik Save Group
Willis Corroon
Sedgwick Group
RMC Group
NFC
Dalgety
Associated British Foods
Sample Average
ADR Stocks
Non-ADR stocks
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Chapter 3

Market Maker Inventory Behaviour

Introduction

More than 20 years after Garman's (1976) theoretical insight that a dealer has

to take measures to control her inventory if she is to avoid default occuring with

certainty, it is still an unresolved empirical issue whether inventory control plays

a significant role in determining dealer behaviour. Many studies have attempted

to find evidence of inventory control effects, mostly with inconclusive results. One

of the main advantages of our dataset over those used by many other studies of

market microstructure phenomena is that it allows the reconstruction of market

makers' inventory change series. It is natural therefore, to exploit this feature

and investigate the behaviour of market maker inventories for the London Stock

Exchange. Inventory time series behaviour has received relatively little attention

in the empirical market microstructure literature. This is perhaps surprising given

that the early theoretical literature dealt primarily with the dealer's inventory

control problem.
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For example, the classic model of a dealer market due to Garman (1976) features

a single risk-neutral market maker faced with random arrivals of public buy and

sell orders of unit size. The arrival rates of these order processes are modelled as

functions of the dealers quotes. The dealer is a profit maximizer, hut her quotes

are constrained by the pOsSil)ility of default, since she has only finite initial share

inventory and capital. Garman shows that, in the absence of inventory control, the

dealer would eventually suffer bankruptcy caused by her non-stationary inventory.

While default can not be ruled out completely, inventory control makes it less

likely. Garman focuses his analysis on the case where the dealer follows a zero-

drift inventory policy, i.e., where she sets her bid and offer prices to equate the

arrival rates of buy and sell orders.

In Amihud and Mendelson's (1980) extension of Garman's model, the order pro-

cesses are still random, but inventory is assumed to be bounded by unspecified

exogenous factors and the market maker is assumed to have sufficient capital to

not suffer default, so that the her problem is now one of pure profit maximization.

The improvement over Garman's model is that the dealer is allowed to change her

bid and offer prices in response to inventory changes. Under these assumptions,

Amihud and Mendelson show that the dealer will have a preferred inventory posi-

tion, and that she will use her quotes to induce order flow that moves her inventory

towards that preferred level. This linkage between prices and inventory, and thus

mean-reverting inventory behaviour, had been suggested earlier by Smidt (1971),

but not been shown rigorously.

Different from these two "statistical" approaches to the analysis of market making,

in Stoll's (1978a) model, the dealer is assumed to be a risk-averse agent who

initially holds a portfolio which is optimal according to her risk preferences, and
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who subsequently offers immediacy to other traders for a fee as compensation

for holding a sub-optimal portfolio, a sub-optimal risk position and any order

processing costs. The fee depends on the dealer's inventory position, with a larger

position implying a greater cost for taking on more inventory, ceteris paribus. If

traders' demand functions are price elastic, this is equivalent with active inven-

tory control and will induce mean reversion towards the dealers' optimal trading

inventory position.

Intertemporal models such as those by Ho and Stoll (1981) and Oldfield and

O'Hara (1986) share the same features, in particular the prediction that deal-

ers have a preferred inventory level and that inventories will thus exhibit mean-

reversion. Similar models, which better reflect the market structure of the London

Stock Exchange, are Ho and Stoll (1983) and Biais (1993), for example. Since

their predictions pertain more directly to the role of competition in dealership

markets, they will be discussed in more detail in the next chapter.

There is, of course, a vast and ever-growing literature on the dealer's adverse

selection problem if traders have superior information regarding the value of the

asset traded. Early papers in this area are Bagehot (1971), Kyle (1985) and

Glosten and Milgrom (1985). The classic inventory models of dealership markets

typically abstract from this aspect of market making. We will follow this approach

for a large part of this chapter and the next and return to the implications of

asymmetric information in Chapter 5.

Studies that have investigated the predictions of the inventory control models of

market making empirically can roughly be divided into two categories. The first

group tries to find evidence of the existence of inventory control and to assess

its relative importance based on a decomposition of the bid-ask spread, while the
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second group examines the behaviour of dealer inventories directly.

Well-known examples of papers in the first category include Glosten and Harris

(1988), Hasbrouck (1988), Stoll (1989), George, Kaul and Nimalendran (GKN)

(1991), Madhavan and Smiclt (1992), and Affleck-Graves, Hegde, and Miller

(1994), among many others.

Glosten and Harris (1988) is the first empirical paper on the adverse selection

component of the bid-ask spread. The inventory component is not separately

identified, but lumped together with order processing costs, rents, etc. in their

paper. Stoll (1989) decomposes the spread using a method based on covariances

between quote and price changes and finds the inventory component to account

for 10% of the quoted spread in a very large sample of 3 months' daily data

for roughly 800 NASDAQ stocks. George, Kaul and Nimalendran (1991) use a

variation of Stoll's method allowing for time-variant expected returns but cannot

find evidence supporting the inventory control hypothesis. Affleck-Graves, Hegde,

and Miller (1994) compare the relative magnitudes of the components of the bid-

ask spread for NYSE/AMEX and NASDAQ stocks using both Stoll's and GKN's

method. They report a higher magnitude of the inventory cost component for

NYSE/AMEX stocks, but concede that this difference may largely be driven

by differences in the characteristics of the firms rather than market structure.

Recently, a paper by Brooks and Masson (1996) has cast some serious doubt over

Stoll's (and GKN's) decomposition technique, at least for "small" samples such

as ours. They show that Stoll's estimator of realized spreads is severely biased

and highly unreliable in short time series and small cross-sectional samples.

Our work in this chapter falls into the second category, which is altogether more

recent. It includes papers by Hasbrouck and Sofianos (1993), Madhavan and
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Smidt (1993) and Snell and Tonks (1995, 1996), as well as Lyons (1995) and

Manaster and Mann (1996). These papers examine inventory time series in search

of empirical support for the mean-reversion or stationarity prediction.1

Briefly, these studies find that the non-stationarity (or unit-root) hypothesis can-

not be rejected for some of the dealer inventory series. Hashrouck and Sofianos

(1993) perform univariate Dickey-Fuller tests on the daily closing inventory series

of NYSE specialists for 144 firms over a period of two years. Even at the 10%

level, they can only reject the null hypothesis of a unit root for 76% of the series.

Madhavan and Smidt (1993) consider a theoretical model of specialist inventory

control, and from that derive an empirical restriction which is very similar to a

Dickey-Fuller test. They estimate mean reversion coefficients for one specialist

firm and 16 NYSE stocks, also using daily closing inventories over a period of

232 trading days. They report an average mean reversion coefficient of —0.05,

but only half their estimates are significantly negative. A test of joint significance

(to control for portfolio effects) is highly significant. After allowing for shifts in

desired inventories by using intervention analysis (see Tsay (1986)), their average

mean reversion coefficient decreases to —0.13 and is significantly negative in 13

cases. The average inventory half-life implied by a mean reversion coefficient of

—0.13 is 7.3 days. This slow inventory reversal over a number of days could be a

consequence of the institutional requirement on the NYSE that specialists make

an orderly market and accept trades on both sides of the spread (this point is

also made by Chan, Christie and Schultz (1994)) and may not be characteristic of

dealership markets. Madhavan and Sofianos (1996) have since argued that NYSE

specialists may exercise inventory control by adjusting their participation rate,

1 An early paper in the same vein is Ho and Macris (1984), who present some interesting
results on specialist behaviour in the AMEX options market.
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and not via the quote adjustment mechanism usually proposed in the literature.

Snell and Tonks (1996) study 15 illiquici stocks on the LSE over a 2 year period

from 1992 to 1994. However, instead of looking at individual market maker

inventories, they focus on the combined inventory series of all dealers, assuming

that the small number of market makers in illiquid LSE stock can be regarded as a

"collusive group". They estimate an extended version of Hasbrouck's (1991) VAR,

and find that only 9 stocks display significant inventory control. Like Madhavan

and Smidt, they try to allow for shifts in desired inventories, using a method

similar to the classic approach by Perron (1988). After this correction, all but

two (relatively liquid) stocks show significant inventory control. They find an

average implied inventory half-life of .5.5 days, only slightly shorter than the figure

reported by Madhavan and Smidt for the NYSE specialist firm.

Snell and Tonks (1995) examine data for 10 liquid LSE stocks over one account

period in September 1990. They only find significant inventory control in four

stocks individually, but a joint test on eight stocks produced the correct sign in

estimation and is highly significant. They report an average inventory half-life of

1.5 days.

Manaster and Mann (1996) test for unit-roots in futures pit market maker invent-

ories and find strong evidence of inventory control in this very different market.

However, they do not find support for the hypothesized relationship between

inventories and quotes (Amihud and Mendelson (1980)). Lyons (1995) reports

strong evidence of inventory control for one major foreign exchange dealer.

In summary, all authors analyzing inventory time series agree that failure to reject

the unit-root hypothesis is mainly due to the low power of unit-root tests, and

the difficulties of taking into account other economic factors such as time-variant
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preferred inventory levels. Neither is this feature of real-life inventories captured

in the theoretical inventory literature. In Amihud and Mendelson's (1980) model,

for example, the preferred inventory level is constant over time, since the stock's

fundamental underlying value never changes.

Our work is distinguished from the previous efforts just described because it uses

data on individual dealer inventories from a multiple dealer market environment.

This is both interesting and important, since it is unclear what impact market

structure has on the inventory control behaviour of dealers, and since aggregate

inventories may cloud important variations across individual inventories.

Confirming the main results of the above-mentioned papers for individual market

makers on the London Stock Exchange, we show that the unit-root hypothesis

cannot be rejected for some dealers, and explore a number of reasons why the

stationarity property might not be exhibited very clearly by inventories observed

in the market from which our data are taken. As in the previous literature,

these reasons range from methodological shortcomings to economic forces not

specifically addressed in most inventory models.

For example, one would expect the riskiness of the stock to play a vital role in

determining the speed of mean reversion that a dealer will seek to achieve (Stoll

(1978a)). If the dealer perceives the stock returns as not very volatile, she may

pursue an inventory control policy with a slow degree of mean reversion. Total

risk will also be lowered by the diversification effect inherent in a market making

portfolio, which would lead to slow observed mean reversion speeds in individual

stocks. Similarly, turnover in the stock will affect inventory control. Its effect on

mean reversion coefficients however is not clear ex ante. While it would he easier

to oflload an unwanted inventory position quickly in a stock with high turnover,
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this possibility also makes the market maker less concerned about the inventory

held. One factor complicating the assessment of the effect of turnover is that it can

partly be influenced by market makers themselves by widening or narrowing their

spreads. Another determinant will be the number of market makers in the stock.

Again, the impact of this factor is not clear ex ante, as a large number of market

makers could help to spread the inventory position via inter-dealer trading more

quickly, while at the same time competition for the public order flow would be

fiercer, implying slower mean reversion speeds (Ho and Stoll (1983)). We examine

the effects these factors have on mean reversion coefficients and frequencies with

which the unit-root hypothesis is rejected.

Another factor which can be expected to influence a dealer's desire to mean re-

vert is portfolio diversification of risk. Unfortunately, we are unable to control for

portfolio effects arising from market makers' inventory holdings across different

stocks because our dataset assigns a different code to each market maker across

different stocks. The inventory holdings across stocks allows the market maker to

hedge a large inventory position in any particular stock by offsetting inventory

positions in other stocks. In this case one would be less likely to observe mean

reversion in an individual stock even with a large inventory position. Thus, it ap-

pears that in the presence of portfolio considerations, statistical tests conducted at

the individual stock level would lead us to reject the inventory control hypothesis

more often when the hypothesis is actually true. Interestingly, the strong 2 mean

reversion we obtain using individual stock data suggests that even though port-

folio considerations may be important, market makers do control the inventory

level of each individual stock.

2 i.e., compared with the NYSE.
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Our results on the mean reversion in dealer inventories indicate tha.t dealership

markets like London differ considerably from markets with specialists like the

New York Stock Exchange. First, the mean half-life of dealer inventories in our

data is oniy two and a half (lays. This contrasts with the evidence of Hasbrouck

and Sofianos (1993) and Madhavan and Smiclt (1993) that the mean reversion in

specialist inventories is rather slower on the NYSE. It is somewhat more in line

with the estimates of Snell and Tonks (1995, 1996), with the average estimate lying

between their inferred mean reversion parameters for liquid and illiquid stocks.

Interestingly, the data demonstrate very clearly that incidents of non-rejection are

much more frequent in ADR than non-ADR stocks. Mean reversion coefficients

are significantly lower, and autocorrelations higher for ADR stocks. At first glance

this fact could be due to a number of the reasons described above. For example,

it is evident that more liquid stocks are more likely to have ADRs traded, and

that the number of non-rejections could also be influenced by non-ADR factors

such as risk, and liquidity. Controlling for these other factors, however, it remains

the case that market makers in ADR stocks behave significantly differently from

market-makers in stocks which are not cross-listed on a U.S. exchange. This

provides evidence that the availability of a closely related second market (with

partly overlapping trading hours) has an appreciable and significant impact on

market maker behaviour.

This finding stands somewhat in contrast to the results documented in Werner and

Kleidon (1996). These authors study a matched sample of British stocks which

are cross-listed in ADR form on the NYSE. They find that New York intraday

patterns for volatility, volume, and spreads for British cross-listed stocks closely

resemble those of the otherwise similar non-cross-listed stocks, and conclude that
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"despite [this] information .spillover, London dealer. do not re.pond by raising

their spreads" and "Au' York patteriz for British ADRs are almost completely

unaffected by the fact that British stock. have been trading continuously in London

for 6 hours prior to \rCW York open. These findings are consistent with the

hypothesis that market makers do not use the U.S. markets to manage their

London books to a significant extent, and implies that NYSE trading has no

real impact on the London market. We do not claim that market makers actually

do trade significant amounts in the U.S. markets, hut that they seem to be affected

by the presence of that additional market.

In contrast to Werner and Kleidon's findings, our evidence shows that market

makers propensity to mean-revert their inventories towards their preferred level

is significantly lower for ADR cross-listed stocks, implying that the availability of

ADRs does have an appreciable effect on market maker behaviour on the London

Exchange as far as inventory management is concerned. A possible explanation

is that the ADR trading facility reduces the risk of holding a position in a stock

after trading in London closes, and increasing the overall liquidity in the stock.

Both effects would lead to the market maker being less concerned about inventory

control, than she would be if ADR trading was not available. This in turn, should

lower the inventory component of the bid-ask spread (e.g., see Stoll (1989)), and

therefore transaction costs. We thus investigate the relationship between mean-

reversion speed and the size of the bid-ask spread, and find them to be negatively

related.
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3.1 Computation of Market Maker Inventories

Since the transaction data clearly identify whether a market maker acted as a

principal (i.e., the bargain affected her own inventory) or as an agent (leaving the

market maker's inventory unchanged), it is possible to reconstruct each market

maker's inventory in a stock over time from the dataset. Since our dataset assigns

a different code to each of the market makers across different stocks, we obtain

382 individual inventory series in total.

For each market maker, the calendar time series of inventories is reconstucted from

the dataset in the following manner: For lack of data on initial inventory levels,

the starting inventory at the beginning of the sample period, 1, was assumed

to be zero. 3 For each trade that a market maker executes as a principal, the

share quantity is added to his current inventory in case of a market maker buy

transaction and subtracted from the inventory in the case of a market maker sale.

If we denote direction of the trade occuring at (transaction) time t by D, and

introduce the convention that D = +1 for a market maker buy and D = —1 for

a market maker sell, and denote the share quantity traded by Q t , we can write:

It = Is_i +

Recall that D can be identified in our dataset. Thus, an inventory time series

in transaction time can readily be created. Given this series, it is then straight-

forward to reconstruct the inventory position for any point in calendar time r

between trades. During the time between trade t (occuring at r0 ) and t + 1 (oc-

curing at r1 ), the inventory level does not change, and the inventory time series

remains constant from r0 to r1.

3 For the purpose of tests for stationarity, this assumption is harmless. But compare the
discussion on the lack of initial inventory data in Chapter 2.
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Some discussion about the choice of data frequency for our empirical analyses

is warranted. It is rarely the case in financial economics that a researcher can

determine the frequency of observations at their own discretion. Ideally, one would

use all the available data for empirical analyses.

While traditional studies of financial market behaviour mainly use data drawn

at fixed time periods, trades, b y contrast, are generally not equally spaced over

time. This leads to difficulties with classic estimation and inference techniques

developed for periodic data. Unfortunately, the development of statistical tools

for high frequency data is still in its infancy. Often this is not a huge problem,

since many theoretical microstructure models do not even distinguish between

calendar and transaction time at all. Kyle (1985), for instance, models a batch

auction in which all orders are collected and then executed against the inventory

of a dealer. The timing of individual orders is irrelevant. In Glosten and Milgrorn

(1985), even though trading is modelled as a sequential process, the time between

two trades has no affect on the dealer's actions. The notion that time was indeed

important was first introduced by Diamond and Verrecchia (1987) who argued

that the absence of trade during a time period could be interpreted as "bad news"

if traders face short-selling constraints. Easley and O'Hara (1992) interpreted the

absence of trade as a signal about the lack of new information.

There have been attempts to accomodate these insights regarding the importance

of time empirically. However, these have mainly been directed at the study of

the price process. For example, the mixture of distribution hypothesis postulates

that the variability of security prices and volume arises from different information

arrival rates for different agents. In the foreign exchange literature, the time-

scaling approach pioneered by Dacorogna et al. (1993) tries to model the global
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FX market as the cumulation of the three local patterns from the major FX

areas around the world. Recently, Engle and Russel (1995a,b) proposed a new

autoregressive conditional duration model for transaction data.

Thus, while it would be desirable to make use of each single observation of in-

ventory changes, the fact that the time between observations is not constant but

a random variable determined l)y the trading process itself, makes this approach

intractable with existing econometric techniques. One solution to this problem

is to impose a time-grid onto the data and to sample at fixed-length intervals,

e.g., daily. However, in doing so the researcher must be careful not to make the

imposed time-grid too coarse or too fine. Too coarse a time-grid will fail to reflect

a lot of the "action" in a time series, while too fine a time-grid might produce

long sequences of equal-valued observations.

To avoid problems with transaction vs. calendar time issues, and following the

work by Madhavan and Smidt (1993) and Hasbrouck and Soflanos (1993), we

choose to investigate the series of end-of-day inventories of each market maker.

In other markets, such as futures markets, dealers show a tendency to "go home

flat".4 If this were the case here, there would be little point in testing for unit

roots in the end-of-day inventory series, because one would expect this series to

be nearly constant around the inventory level of zero. Casual "eyeballing" of the

inventory time series for the market makers in our sample reveals that this is

certainly not the case in our data, as has been confirmed by Reiss and Werner

(1996). The choice of daily closing inventories warrants some more discussion as

it is only one of a large number of possible choices. Another possibility would have

been to examine inventories at daily intervals but at different times during the

4 See, for example, the evidence presented in Manaster and Mann (1996).
5 Compare Figures 3.1 3.4 for some examples of market maker inventory time series.
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clay, for example at noon, in the morning or in the afternoon. Depending on one's

beliefs regarding market maker inventory control behaviour, these specifications

might yield different insights. Yet another approach would utilize inventory data

sampled at intervals more or less frecjuent than daily. Again, each of these different

specifications would correspond to a separate model of market maker inventory

control behaviour. In the absence of strong priors about the exact functional form

of market maker inventory control behaviour, we adopt the approach of analyzing

daily closing inventories which is the one used in a large part of the existing

literature, but at the same time acknowledge that our results should in future

research be compared to estimates derived from using some of the other possible

approaches.

Another natural but very different way of characterizing mean reversion behaviour

of market makers which does not rely on some pre-imposed periodicity would be

to look at the time it takes a market maker's inventory complete a cycle, i.e.,

the time between two "crossings" of the mean inventory level. This approach

would naturally lead to a measure in time units. However, this approach could

be problematic if market makers do not actually "cross" the mean inventory but

choose to stay sufficiently close to it for a while, in which case these estimates

might have an upward bias.

Table VII contains summary statistics about the series of daily inventory changes

with respect to market maker turnover. The Pound Sterling value of daily public

volume which stays on market makers' books is relatively stable across stocks,

and averages at around 10% at an aggregate market maker level. Individual

market makers keep on average about 24% of their trades with the public over

a trading day in their inventory. The behaviour in ADR and non-ADR stocks
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is very similar, note however that both in aggregate as on an individual level,

market makers in ADR stocks keep slightly more inventory on their books. These

average figures are roughly comparable to those found by Hasbrouck and Sofianos

(1993) for their third and fourth turnover quartiles (by numbers of transactions)

whereas our sample stocks have, on average, more transactions per day. This

evidence may suggest that London market makers keep larger fractions of public

order flow on their books than NYSE specialists in comparable stocks, consistent

with the conventional belief that London market makers provide 1)etter liquidity

by taking more inventory risk.

Standard deviations of the estimates are quite high, implying that market making

styles vary considerably across dealers. Figures above 100% suggest that dealers

take on inventory from inter-dealer trading over and above their trading with the

public. These incidences are rare, however, as can also be inferred from Table

VIII . It shows the average correlations in the changes of end-of-day inventories

for the five largest market makers by market share. All are positive and around

0.15 to 0.25, implying that, on average, market maker inventories move in the

same direction over a trading day.

3.2 Stationarity of Dealer Inventory Series and

Estimation of Mean Reversion Coefficients

We will now turn to a rigorous characterization of the time series properties of

the market maker inventories in our sample, focusing in particular on tests of

stationarity. An example of a "well-behaved" inventory series is shown in Figure

3.1. The series is quite stable around a mean of roughly 20,000 shares average
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inventory, and mean reversion is fast while extreme deviations from the mean

level are rare.

We propose to conduct our tests of stationarity as tests for a unit root in the

time series. A very general representation of a time series is the one tised in the

Augmented Dickey-Fuller test for stationarity

n
PhLI=a+ 3d+pI l +> I,+f d , rn=1,...,382	 (3.1)

where I denotes closing inventory of market maker in on day d. 6 This rep-

resentation allows for very rich dynamic structures, where the null hypothesis

of a unit-root H0 : p = 0 can be tested against the alternative hypothesis of

stationarity H1 : p < 0.

Our approach is mainly inspired by the work of Hashrouck and Soflanos (1993),

but note that the theoretical model derived in Madhavan and Smidt (1993) leads

to the following, very similar time series representation for inventories (after re-

arranging):

= /3(1_ - 'preferred) + Uj.

Our estimation is more general, allowing for both a time trend and a richer error

structure.

The strategy used for testing for unit-roots was adapted from Rao (1994), and is as

follows: In the first step, equation (3.1) is estimated using end-of-day inventories

I for each market maker in. The correct order n in (3.1) is not known a priori,

and has to be determined from the data. It has to be chosen so that there is no

serial correlation in the residuals from the ADF regression. We choose n as the

6The end-of-day inventory was measured at 16:30 hrs. "After hours" trading was included
in next day's end-of-day inventory. The initial inventory was set at zero.

64



smallest value for which the Ljung-Box statistic cannot reject the null hypothesis

of no serial correlation in the residuals.

The following simple procedure was employed to ensure that this was the case.

Regression (3.1) was estimated first with a pre-specified upper bound i. A simple

OLS t-test is then used to determine whether 8- is significantly different from

zero. If the null hypothesis cannot he rejected, the OLS F-test of the joint null

hypothesis that both S = 0 and Si = 0 can be compared with the usual

F(2, T - k) distribution table. This procedure is continued sequentially until the

joint null hypothesis that 8 = 0, 5 = 0, .. . ,8, = 0 is rejected. The order

n in (3.1) is then chosen as iT—I. If no value of I leads to such an rejection, the

simple Dickey-Fuller test (as in Hasbrouck and Sofianos (1988)) can be used for

the unit-root tests. We chose i = 5 as the initial upper bound. It turned out that

the inclusion of at most four lagged difference term was sufficient to achieve white

noise errors, as indicated by the Durbin-Watson coefficients, for all 382 inventory

series.

After establishing the necessary number of lagged inventory differences to be in-

cluded in (3.1), the null hypothesis of the presence of a unit root and no time trend

H0 : (a, /9, p) = (a, 0, 0) is tested against the alternative HA : (a, /3, p) (a, 0,0).

Under the null hypothesis, the test statistic has a non-standard distribution, so

that the critical values cannot be taken from the standard F tables. The appro-

priate values were taken from Hamilton (1994).

Of the total 382 market makers only 226 (60%) rejected the null hypothesis of a

unit-root and no time trend. When the analysis was repeated for market makers

with market share greater or equal to 5%, the number of rejections was 136 out

of 219 market makers (62%).
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At this point the sample of market makers had to be split into two parts. For the

market makers for which the null was rejected we now know that the series does

either have both a unit-root and a time trend, or is stationary. To find out which

is the case, we first test H0 : p = 0 against HA : p 0, using the t-statistic for

p found in estimating (3.1). The use of critical values from the standard normal

tables is appropriate if 3 0. If 3 = 0, the critical values are non-standard, 1)ut

smaller than those ol)tamed from the standard normal tables, so that acceptance

of p = 0 from the normal tables implies acceptance using the non-standard values.

Thus, if p = 0 is not rejected, we have to conclude that the series exhibits a unit-

root as well as a time trend. As Rao (1994) points out, this finding is extremely

unlikely for an economic time series. Accordingly, we only find one series out of

the 382 which exhibits both a time-trend and a unit-root. If the null hypothesis

is rejected, we can conclude that the series has no unit root, and can now use the

standard t-tables for hypothesis tests regarding o and j3.

To support the conclusion that p = 0 for the market makers for which the hy-

pothesis H0 : (ü,,B,p) = (c,0,0) could not be rejected, we can re-estimate (3.1)

with the restriction 3 = 0. The critical value for the t-statistic is non-standard,

invariant with respect to the value of o, and can also be found in Hamilton (1994).

At the 5% significance level, the null hypothesis is rejected only for 65% of market

makers.

The results for these tests are summarized in Table IX and in Table X for indi-

vidual stocks. The overall average mean reversion coefficient is —0.253, implying

an average inventory half life of 2.74 days. These estimates differ from those of

Madhavan and Smidt (1993) and Hasbrouck and Sofianos (199:3) for the NYSE

specialists. They finch, after intervention correction, an average inventory half-life
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of 7.3 trading clays, the minimum being just over 5 clays and the maximum being

334 days. One reason for this difference may he that the specialist on the NYSE

needs to maintain an orderly market and in the process has to accept trades on

1)0th sides of the spread. Although the dealers on the LSE also accept orders on

both sides of the spread due to order flow preferencing, we will show later in Table

XVIII in the next chapter that on average they attract order flow in one direction

when they are on one side of the touch. Another reason may be that individual

market makers on the LSE observe a smaller proportion of the total order flow as

compared to the NYSE specialist. If order flow carries information, then market

makers on the LSE may exercise tighter inventory control than the NYSE spe-

cialist who gets to see a larger part of the order flow. These interpretations are,

of course, tentative and suggestive as the samples underlying the studies are ciuite

different.

There are several reasons why the observed inventory time series of a market

maker in any stock might not appear to be stationary, even though the theoretical

argument postulating inventory control is valid. Some of these reasons are of an

economic, others of a methodological nature.

As regards the methodology, it is well known that unit-root tests of this kind have

little power if p is close to zero. Thus it is difficult to reject the null hypothesis if

mean-reversion in inventories is slow or inventories contain a long-run component.

This might well be the case for market maker inventories. Depending on factors

such as volume, market share, size, risk etc. some market makers may only revert

their inventories over relatively long periods of time. Of course, some of these

factors are endogenously determined.

Secondly, the test's power is also adversely affected by breaks in the series.
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Madhavan and Smidt (1993) control for this by using intervention analysis, while

Snell and Tonks (1995) try to allow for a single "regime shift" occuring at the

midpoint of their sample 1)eriocl.' The problem itself might arise from the time

variability of the market makers' desired inventory level, for example due to a

changing "view" of the stock. One can argue that backing a view in a stock is

not strictly speaking part of the liquidity provision function of a market maker.8

In practice, however, there is no reason why dealers cannot use their position

in the market to acquire inventories that are not intended for a quick turnover,

hut to profit from a more long term opinion regarding the future performance

of the stock. In the inventory time series, such changes in the desired inventory

level would lead to "structural breaks" and/or time trends. Examples of invent-

ory series which can be suspected of exhibiting such behaviour are depicted in

Figures 3.2 and 3.3.

Of course, market makers could also use options and futures markets to hedge

positions acquired through dealing. The efficiency of using stock index futures

to hedge positions in individual stocks would be less than perfect, although it

will work much better for a whole market making portfolio. Furthermore, the

limited liquidity and associated relatively high spreads in options markets make

this possibility seem unattractive. Supporting this, Board and Sutcliffe (1995) do

not find a strong association between LIFFE-traded9 options volume and large

equity trades for which inventory risk is large. They conjecture that reasons for

the absence of this relation could he the lack of interest in the use of options

by equity market participants, the relative illiquidity of the options market, or

7There has been a lot of research interest about how to conduct unit-root test in the presence
of unit-roots in the econometrics literature recently, starting with Perron (198).

8Compare Ho and Macris (1984).
9 LIFFE stands for London International Financial Futures Exchange.
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a reluctance of options market dealers to trade with equity market makers with

(possibly) superior information about recent equity volume.'0

We have partitioned the unit root tests in Table IX into those market-makers

dealing in stocks which have ADRs and those which do not. The fact that sta-

tionarity is almost twice as prevalent among ADR stocks as non-ADR stocks

suggests that there may be some significant effects at work here. Market-makers

in ADR-listed stocks may maintain small net exposures to the stock; any sub-

stantial net position on the London market being offset by a position in ADRs or

other derivatives. Note in particular, that the average mean reversion coefficients

for ADR and non-ADR stocks are significantly different from each other. A test

of equality of the two means rejects the null hypothesis of no difference with a

t-statistic of 5.2.

All of the above-mentioned reasons will lead to market maker inventory time series

which appear to be non-stationary, even though the predictions of the inventory

control literature hold. We will not follow the route of Madhavan and Smidt

(1993) and Snell and Tonks (1996) by allowing regime shifts in modelling each of

our 382 inventory series, but, like Hasbrouck and Sofianos (1993), we appeal to

the economic argument that "by reason of capital and regulatory constraints,

dealer positions are bounded", and assume stationarity of inventories from here

onwards. The argument originates, of course, from Garman's (1976) analysis.

Madhavan and Sofianos (1996), among others, make a similar assumption.

Assuming stationarity, we can view the estimates for p as mean reversion coeffi-

cients, and can now look at autocorrelations in inventories as well. Figures 3.5

and 3.6 depict average autocorrelations for up to 50 (clays) lags, and average par-

'°Note, however, that Reiss and Werner (1997) provide some evidence that the existence of
derivatives might pose a problem.
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tial autocorrelations for up to 10 ((lays) lags, respectively. Similar to the evidence

in Hashrouck and Sofianos (1993), autocorrelations are high at low lags and de-

cay only slowly. The difference between the autocorrelations of market makers in

ADR and non-ADR stocks is striking, the former being consistently higher than

the latter. This strengthens our evidence that market makers in stocks with ADR

listings seem to behave differently from market makers in non-ADR stocks. This

finding is also different from those reported by Hasbrouck and Sofianos (1993), in

that higher volumes stocks exhibit far higher autocorrelations than lower volume

stocks.

Partial autocorrelations are very close to zero after lag 1, suggesting that an AR(1)

characterization would on average be appropriate for the inventory time series in

our sample.

3.3 Variations in the degree of mean reversion

In this section we will attempt to further investigate the variations in estimated

mean reversion coefficients, in particular between ADR listed and non-ADR listed

stocks. One could argue that this difference in mean reversion and rejection

frequencies between ADR and non-ADR stocks is difficult to interpret, since one

cannot be sure whether it is due to different behaviour by market makers in the

London market, or due to the lack of data regarding trading activity in the U.S.

markets. If it is the case that market makers actually mean-revert less quickly in

ADR stocks then they do in non-ADR stocks and we do in fact have their complete

trading records, then this shows that ADR availability influences their behaviour

and that there is a link between London and U.S. markets. If, on the other hand,
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mean reversion in ADR stocks is in reality the same as in non-ADR stocks, only

we cannot pick it up because of incomplete trading records, then this also shows

that the availability of ADRs affects market maker behaviour and that there are

in fact linkages between these markets. We currently do not have access to data

which would enable us to distinguish between these two explanations. The fact

that Werner and Kleidon (1996) do not find a significant link between U.S. and

London markets hints that we are not facing a significant "missing data" problem,

but that market makers appear to be less concerned about inventory imbalances

in ADR than in non-ADR. stocks. The evidence would he far more convincing, if

one could confirm the finding in a matched sample of ADR and non-ADR stocks,

such as the one used in Reiss and Werner (1995).

There have been numerous studies concerned with linkages between markets

where identical or closely correlated securities are traded, such as exchanges with

cross-listed securities or markets for cash and derivative instruments. A very

general version of the many questions that researchers are trying to address is:

Is there an appreciable impact of the existence of one market on the other, and

what effects does the availability of another market have on trading behaviour,

liquidity and trading costs, for example?

Ideally, questions like these would be examined using data on trading by investors

and intermediaries on both exchanges. But researchers seldom get the chance to

examine such detailed trading data. Therefore, these studies typically look at

(intraday) changes in prices, spreads and volumes instead, to examine volatility

spillover and price discovery effects, for example. Recent studies on international

linkages between stock markets include DeJong, Nijrnan and Röell (1993), Pa-

gano and Röell (1991), and most recently Werner and Kleidon (1996). Other
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researchers, notably Chan et. al. (1995), have examined NYSE intraday data on

cross-listed securities.

We have seen that the degree of mean reversion is variable across stocks and across

market makers. In particular we noted a marked difference between ADR and

non-ADR. stocks regarding the average mean reversion coefficient, the frequency of

non-rejection of the null-hypothesis, and the persistently higher autocorrelations

in inventories for the ADR. stocks. We will now examine possible determinants of

the inter- and intra-stock variation in the degree of mean reversion.

As we already argued above, on stock level, one crucial factor in determining

a market makers propensity to mean-revert quickly could be trading volume.

In less liquid stocks, market makers might be more reluctant to hold inventory

positions over long periods than in liquid stocks where inventory can be disposed

off quickly in case of adverse price movements. We proxy for liquidity by using

our information on daily trading volume in the stock. Clearly, holding inventory

in a very volatile stock is riskier than holding the same inventory in a less risky

stock (Stoll (1978a)). We would therefore expect the degree of mean reversion to

be inversely related to the volatility of the stock, with faster mean reversion in

risky than in less risky stocks. We measure volatility as the annualized standard

deviation of daily returns computed from midprices at the close of trading over

the sample period. Also the number of market makers in a stock could influence

mean reversion. With more dealers available for risk-sharing, mean reversion

could expected to be faster, while, at the same time, competition would make it

harder to obtain public order flow in the desired direction (Ho and Stoll (1983)).

Here, we are proposing that another factor influencing the degree of mean rever-

sion could be the availability of ADRs. The evidence presented so far points to
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this possibility. The existence of more than one market in a stock, especially with

partly non-overlapping trading hours, presumably increases its liquidity, making

it less risky to hold positions in the stock and easier to offload unwanted inven-

ory. We would thus expect the existence of ADRs in a stock to have the effect of

increasing the average mean-reversion coefficients.

To assess the influence that each of these factors has on the degree of mean

reversion in a niarket maker's inventor y, we run a series of regressions of market

makers' mean reversion coefficients on the variables mentioned.

Based on our discussion, we can formulate the following ad-hoc specification:"

75, =3o + 3, Volatility, + /32Volume1 + 33NUM,
(3.2)

+ /34 ADR-Dummy, + c 2 ,	 i = 1,. . . ,30

where Volatility and Volume1 are average daily public trading volume in stock i

and standard deviation of log returns over the sample period, respectively, NUM1

denotes the number of market makers registered in stock i, and

M,
75 = ln(1 +

j=o

is the average estimated coefficient (from regression (3.1)) of all market makers

(M,) in stock i.

The results are presented in Table XIII . The first four regression models confirm

that volatility, volume, number of market maker, and ADR availability signi-

ficantly affect mean-reversion speed, and show clearly that the above-mentioned

factors are helpful in explaining the inter-stock variation in mean-reversion speeds.

"We also included market capitalization, and the Herfindahi index as a measure of concen-
tration in our regressions. These variables did not add to the explanatory power and left our
results essentially unaltered. turnover into one variable, with the sanie conclusions. The figures
are omitted here for brevity.
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In more volatile stocks, mean-reversion coefficients are lower, consistent with the

notion that market makers will try and ciispose of unwanted inventory quickly if

risk is large. In high-volume stocks, mean reversion is slower thaii in low-volume

stocks, presumably because inventory can be disposed of quickly if so desired. A

higher number of market makers has a decreasing effect on mean reversion speed,

consistent with the notion that increased competition makes it more difficult for

the dealer to attract order flow in the desired direction. ADRs have a signifi-

cant and decreasing effect on mean reversion speed, confirming the result seen

previously in Table X

Multiple regression models including more than one of the factors could be ad-

versely affected by multicollinearity. For example, we know that high-volume

stocks are more likely to have ADRs than low-volume stocks, and attract a lar-

ger number of market makers. We thus run a specification search for the model

which best explains the variation in average mean reversion speeds across stocks.

According to Akaike's information criterion and the maximum adjusted R2 cri-

terion, model 8 in Table XIII including volatility, number of market makers, and

the ADR dummy as explanatory variables explains this variation best, with an

adjusted R2 of 42%. The complete model (model 9) which also includes volume,

indeed suffers from multicollinearity as can be seen from the negative sign of

the volume coefficient /32, and the condition indices (Beisley et. al. (1980), not

reported here).

Model 8 shows that even after accounting for volatility, turnover, and competition

in a stock, the fact that a stock has ADRs helps explain the higher mean reversion

coefficients in those stocks. This clearly demonstrates that ADR listings have a

significant and appreciable impact on market maker behaviour. The availability
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of ADRs allows the market makers to either dispose of unwanted inventory more

easily or to view unwanted inventory as less serious than they would in Non-ADR

listed stocks.

We would like to investigate whether these effects also have a real impact for

investors. The natural question to ask is whether market makers charge investors

less for their services in ADR-listecl stocks than in non-ADR listed stocks, as could

be expected if inventory holding costs are indeed lower due to the availability of

ADRs. Ideally, one would want to regress an ADR dummy (together with other

explanatory variables) on a measure of the inventory cost component of the spread,

such as the one derived in Stoll (1989). However, as the recent paper by Brooks

and Masson (1996) shows, Stoll's decomposition is biased and highly unreliable

in small samples such as ours, confirming our own difficulties in computing these

estimates. 12

We thus decided to employ two spread measures in our analysis instead, the

inside spread or touch, and the effective spread. Using these spread measures is

problematic for two reasons. Firstly, the inside spread is not the best measure of

trading costs, since market makers will often trade at prices strictly higher (lower)

than the best bid (ask) quote. Secondly, both spread measures also comprise an

asymmetric information component. This component could be affected differently

for ADR than non-ADR stocks since information would be produced not only in

London, but also in the U.S. This latter explanation would he consistent with

Werner and Kleidon (1996), who find that during the overlap period when both

NYSE and LSE are open, private information is revealed in U.S.-ADR trading.

' 2These results are not reported here. The main problem is that quote changes seem posztzvely
correlated, while any inventory control niodel implies the opposite sign. George, Kaul and
Nimalendran (1991) report a similar problem.
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Thus, ADR listing could have an adverse effect (information) on spreads as well

as a positive one (inventory cost). It is hard to predict ex ante which effect would

dominate the other.'3

We run the following cross-sectional regression model (in natural logs):

Spread1 =/3o + /3, Volatility1 + d2 Volume + i 3 Pricej + 34NUM,
(3.3)

+ 15 ADR-Dummy + /36 75 + q,	 i = 1, . . . ,30

where Spreads denotes the average touch spread and the average effective spread

in stock i in pence, and Price1 denotes the average price level of the stock over

the sample period. All other variables are as before. The effective spread is

measured as the difference between transaction prices and the contemporaneous

touch midprice. This measure allows for transactions to take place within the

touch.'4

Our choice of explanatory variables additional to the ADR-dummy and the average

mean reversion coefficient is guided by the following theoretical considerations.

Market makers incur three types of costs when providing immediacy to security

investors: order processing, inventory holding, and adverse-selection costs. They

aim to recover these costs by charging a traders a spread.

The security price (Price) should be included in the regression to allow for fixed

and variable components in order processing costs.

Inventory holding costs are similar in concept to the required return of an in-

vestor. Thus, inventory-based models of the spread (e.g., Stoll (1978)) suggest

that liquidity, often proxied by trading volume (Volume1 ), decreases and security

risk (Volatility 1 ) increases risk-aversion induced inventory holding costs.

' 3 Conipare the discussion of spread measures in Chapter 5.
' 4 Compare, e.g., Board and Sutcliffe (1995, 1997) and Chapter 5.
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Adverse selection costs are caused by the presence of traders with superior in-

formation about the stock value. In response, market makers will widen their

spreads, inducing greater observed price volatility, and confirming the hypothes-

ized relationship between spreads and volatility.

Another proxy for liquidity is the number of market makers in the stock, i.e.,

the number of liquidity providers. Competition among them will lead to lower

spreads, as is formally shown in Ho and Stoll's (1983) model, which predicts that

the market spread is decreasing in the number of competing dealers (NUMI).

These are also the variables used in the recent work of Menyah and Paudyal

(1996), who study the determinants of bid-ask spreads on the London Stock Ex-

change. They find that volume, number of market makers, risk and average price

level explain about 91% of the variation in touch spreads for a sample of 157

stocks. We thus include those same variables in our regression analysis and see

whether availability of ADRs and/or average mean reversion coefficient have ad -

ditional explanatory power.

Table XIV shows our results. Note that we can confirm the findings by Menyah

and Paudyal (1996). The four variables identified in their study, volatility, trad-

ing volume, number of market makers in a stock and price level, all have the

conjectured signs and are significant for the regression using touch spreads in

our sample. Interestingly, the number of market makers becomes insignificant

once we use effective spreads, and they are therefore left out of the subsequent

regressions. Looking at models 2 4 and models 6 8, we find that the average

mean reversion coefficient has a decreasing effect on spreads after controlling for

the other factors. This effect is significant at the 5 level in models 4, 7 and

8. Inclusion of this variable increases the adjusted R2 for both spread measures,

' '



albeit not substantially. ADRs seem to play less of a role and also appear to be

affected by multicollinearity as is evident from the change of sign of the coefficient

from model 5 to model 8.

At an intra-stock level, one possible related factor is market share of the market

maker in question. Market makers who have a large market share will find it

easier to dispose of unwanted inventory if market conditions warrant it. Similar

to an argument raised in Grossman and Miller (1988), we would expect a large

market maker to he more patient with her inventory policy - she can wait more

easily and thus avoid losses from turning around her inventory quickly without

reference to current order flow from the public. In markets such as the LSE where

order flow is largely one-sided, the market maker will find it beneficial to "ride

out" these trends in pubiic order flow. Larger market makers should be able to

do so more easily. We thus regress market makers' mean reversion coefficients

on their market share, taking account of the above-mentioned stock effects by

including stock dummies.

ptm = oMarketSharem +	 Stock-Dummy3 + rn rn = 1,. . . ,382

where MarketSharem denotes the market share of public volume of market maker

m in the respective stock and pm is the mean reversion coefficient estimated from

that market maker's inventory time series. The result is shown at the bottom of

Table XIII . Market share does indeed significantly affect mean reversion speed,

but the explanatory power is rather limited with an adjusted R2 of only 15%.
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3.4 Concluding Remarks

This chapter has examined the behaviour of dealer inventory time series in a

multiple dealer market, and complements the existing evidence from single dealer

markets and aggregate market maker inventories. In keeping with previous re-

search we find that the unit-root hypothesis cannot he rejected for some of the

dealer inventory series, and we discuss various possible explanations for this find-

ing. Following the conclusions of others, notably Madhavan and Smidt (1993),

Hasbrouck and Sofianos (1993), and Snell and Tonks (1995, 1996), we conjecture

that failure to reject the non-stationarity hypothesis is likely due to methodolo-

gical shortcomings rather than the absence of inventory control, and proceed with

the analysis of mean reversion coefficients.

Mean reversion is found to be generally slow with implied inventory half-lives

averaging around 2.7 days. Autocorrelations in inventories are shown to he large

at low lags and only slowly decaying, while partial autocorrelations are insignific-

antly different from zero after one lag.

We then investigate the determinants of the observed variations in mean reversion

speeds, and find that they can be explained by liquidity and risk-related variables,

such as trading volume, the number of competing market makers, and the standard

deviation of returns. We analyze the impact that the availability of ADRs has

on inventory mean reversion, and find that stocks with ADRs are characterized

by significantly slower mean reversion of market maker inventories, even after

controlling for the other explanatory variables. This new and interesting finding

hints at a subtle link between markets for ADRs and the London Stock Exchange

that have not been documented in the literature. Both complementing and in
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contrast to findings by Werner and Kleidon (1996). we find that ADRs do have

an appreciable and significant impact on the trading behaviour of dealers on the

London Stock Exchange. We also try to assess whether the slower mean reversion

has an impact on investor trading costs as measured by the bid-ask spread, and

find (weak) evidence that slower mean reversion implies smaller sI)reads.
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% of VOL I Mean Std. Mm	 Max

	

(xrl,000)	 (in prrnt)

	1112
	

10
	

27
	

13
	

15
	

56
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12
	

41
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16
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15
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34
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12
	

39
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11
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56
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5
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21
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10
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9
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45
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14
	

11
	

56
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9
	

11
	

44
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7
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16
	

9
	

68
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12
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15
	

17
	

61
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6
	

7
	

26
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8
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7
	

8
	

33
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21
	

19
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23
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43
	

26
	

173
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8
	

21
	

10
	

10
	

46
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17
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13
	

22
	

71
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8
	

17
	

8
	

9
	

35
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5
	

11
	

3
	

6
	

17
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9
	

22
	

10
	

11
	

41
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3
	

5
	

13
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15
	

100
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9
	

16
	

48
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6
	

15
	

9
	

8
	

42
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13
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14
	

17
	

56
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8
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5
	

8
	

26
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8
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6
	

9
	

30
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10
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11
	

9
	

63
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11
	

26
	

10
	

10
	

41

	

314
	

10
	

23
	

12
	

9
	

63

Table VII : Aggregate and Individual Inventory Change Details
This table shows details about inventory changes in both absolute and relative terms
on a stock level, and the distribution of relative inventory changes on an individual
market maker level. LId° denotes the average daily al)SOlute inventory change of all
market makers together, % of VOL denotes the average daily change relative to daily
public turnover in the stock. The last four columns show the mean, standard deviation,
minimum and maximum of the daily average absolute inventory change of each market
maker relative to their turnover, respectively.

Stock

British Telecom
Hanson
Barclays
Marks &Spencer
General Electric
RTZ
British Airways
Boots
Cadbury Schweppes
Royal Insurance Holdings
Tate &Lyle
Sun Alliance Group
Land Securities
Dixons Group
Standard Chartered
Legal &General GP
Royal Bank of Scotland
Smith &Nephew
Commercial Union
Guardian Royal Exchange
Tom kins
Siebe
GKN
Kwik Save Group
Willis Corroon
Sedgwick Group
RMC Group
NFC
Dalgety
Associated British Foods
Average
ADR
Non-ADR
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Table VIII: Correlations in End-Of-Day Inventory Changes
This table shows the average correlations in the changes of end-of-day inventories for the
five largest market makers b market share.

Top

2nd

3id

4th

5th

Top

1.00

0.23

0.23

0.20

0.13

2nd

0.23

1.00

0.13

0.21

0.22

3rd

0.23

0.13

1.00

0.23

0.15

4th

0.20

0.21

0.23

1.00

0.25

5th

0.13

0.22

0.15

0.25

1.00

Table IX : Unit-Root Tests
We test for unit roots in the inventory series for each dealer by running the Augmented
Dickey-Fuller (ADF) regression

= a + fid + pI 1 +5,I j +€,

on end-of-day inventories I for each dealer m.

MM level

% of MMs rejecteda

Mean F-statistic

Median F-statistic

Range F-statistic

All stocks

63.6

18.46

10.88

(0.95, 133.79)

ADR Stocks

46.4

10.99

5.67

(1.23, 94.74)

Non-ADR Stocks

72.2

21.83

13.98

(0.95, 133.79)

a at 5% significance level, Fcr, t = 6.34

-I,



p

-.144
-.078
-.248
-.246
-.357
-.2 12
-.103
-.182
-.156
-.349
-.155
-.363
-.222
-.218
-.459
-.325
-.310
-.184
-.271
-.404
-.14 1
-.301
-.345
-.333
-.110
-.407
-.310
-.238
-.383
-.187
- .253
-.172
- .290

S

0.162
0.100
0.256
0.209
0.347
0.177
0.162
0.201
0.175
0.269
0.174
0.272
0.253
0.161
0.281
0.188
0.288
0.172
0.193
0.251
0.095
0.236
0.188
0.171
0.160
0.175
0.211
0.155
0.216
0.090
0.226
0.197
0.228

Mm

-.501
-.360
-.713
-.705
-.995
-.497
-.516
- .602
-.673
-.942
-.647
-.921
-.659
-.485
-.915
-.615
- .858
-.555
-.614
-.787
-.28 1
- .757
-.650
-.579
-.535
-.663
-.742
-.479
-.959
-.308
-.995
-.858
-.995

Rej.

6
4

10
9
8
4
6
9

10
6

11
5
9

11
12

8
9

10
12
4
6

11
7
5
9
9
6

11
9

243
57

16

Perc.

40%
25%
50%
71%
60%
57%
27%
38%
53%
77%
38%
85%
45%
75%
85%
92%
57%
56%
77%
92%
44%
75%
85%

100%
45%

100%
70%
86%

100%
82%
64%
46%
72%

Table X : Mean Reversion Coefficients and Rejection Frequencies
The table shows summary statistics for mean reversion coefficients p estimated from
equation (3.1). Shown are the average coefficient, its standard deviation, as well as the
minimum and maximum for that stock. Also given are the number of rejections (of the
unit-root hypothesis at 5 significance level) out of the number of market makers in the
stock (as an absolute number and as a percentage). The bottom three rows aggregate the
data across all market makers, as well as across those market makers listed in ADR/Non-
ADR stocks.

Stock

British Telecom
Hanson
Barclays
Marks & Spencer
General Electric
RTZ
British Airways
Boots
Cadbury Schweppes
Royal Insurance Holdings
Tate & Lyle
Sun Alliance Group
Land Securities
Dixons Group
Standard Chartered
Legal & General GP
Royal Bank of Scotland
Smith & Nephew
Commercial Union
Guardian Royal Exchange
Tom kins
Siebe
GKN
Kwik Save Group
Willis Corroon
Sedgwick Group
RMC Group
NFC
Dalgety
Associated British Foods
Sum
ADR
Non-ADR

Max

0.006
-.001
-.036
-.034
-.036
-.023
-.014
-.012
-.007
-.024
-.012
-.033
-.0 12
-.015
-.100
-.072
-.012
-.012
-.082
-.080
-.028
- .074
-.075
-.12 1
0.038
-.134
-.05 1
-.029
-.166
-.027
0.038
0.038
-.0 12
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Coefficient

Model 10

70

0.42
2.49

Adj. R2

15%

Table XIII : Variation in Mean Reversion
This table shows the results for a series of regressions of (i) the average mean reversion
coefficient on volatility, volume an ADR dummy, and ADR volume, as well as (ii) the
individual mean reversion coefficients on market share and stock dummies. All variables
are expressed in natural logs and all t-statistics are corrected for heteroscedasticity. The
parsimonious regression model for the inter-stock analysis is:

= /3o + /3 1 Volatility 1 + /32 Volume1 + /33 NUM 1 + /3 i ADR-Dummy + q,

where	 = ln(1 +	 0p/ItI), while the intra-stock analysis is performed using:

p"' = 0 MarketSharem +	 Stock-Dummy3 + C"8

INTER-STOCK VARIATION

Coefficient
	

/32	 /33	 /34	 Adj.R2

-0.55	 -0.17
Model 1	 11%

(-5.87)	 (-2.70)
-0.4-1	 0.08

Model 2	 11%
(-6.71)	 (2.40)
-0.92	 0.22

Model 3	 20%(-4.43)	 (3.07)
-0.35	 0.15Model 4	 24%

(-12.7)	 (3.73)
-0.68	 -0.17	 0.08Model 5	 22%

(-6.48)	 (-2.68)	 (2.38)
-1.10	 -0.16	 0.20Model 6	 29%(-5.13)	 (-3.05)	 (2.84)
-0.58	 -0.17	 0.15Model 7	 35%(-6.82)	 (-2.72)	 (3.85)
-0.98	 -0.16	 0.15	 0.12Model 8	 43%(-5.21)	 (-2.82)	 (2.23)	 (2.91)
-1.07	 -0.15	 -0.03	 0.20	 0.13Model 9	 41%(-5.44)	 (-2.74)	 (0.80)	 (2.32)	 (2.90)

INTRA-STOCK VARIATION
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Figure 3.1: Inventory Series of Market Maker 89 in Land Securities
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Figure 3.2: Inventory Series of Market Maker 728 in General Electric
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Figure 3.3: Inventory Series of Market Maker 783 in Hanson
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Chapter 4

Inventory Control in a Competitive

Dealership Market

The preceding chapter dealt primarily with the behaviour of individual market

maker inventory series, on an isolated basis. We now turn to the implications of

models of competitive dealership markets, where several market makers compete

for business, for inventory control. The contribution of this chapter is twofold.

First, we are able to directly test empirical predictions pertaining to the relative in-

ventory positions of dealers, and shed light on the means by which market makers

actively manage their inventories in a competitive environment. In particular, it

presents a set of empirical results on inter-dealer trading and the relationships

between inter-dealer trading and dealer inventories.

The classic model of a dealership market with multiple competing market makers

is, of course, Ho and Stoll (1983). It builds on their earlier paper, Ho and Stoll

(1978), on single dealer markets. In particular, Ho and Stoll consider a market

with several competing dealers with negative exponential utility of wealth func-

tions and different endowments of the security. In the one-period version of the

model, it is straightforward to derive reservation prices for participating in a

transaction of fixed size Q for each dealer, and they can show that, under ho-

mogeneous risk preferences, the dealer with the longest (shortest) inventory will
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execute any incoming buy (sell) order, since she will have the lowest (highest) re-

servation price. Similar to results in auction theory, that dealer does not have an

incentive to quote her reservation price, but will offer to trade at a price just below

(above) her closest competitor's reservation price. Inter-dealer trading arises in

this model, when dealers prefer the certainty of transacting at each others quotes

to the uncertainty of earning a potential rent in case a public order on the correct

side of the market arrives.

Implicitly, the "second best"-pricing result in Ho and Stoll (1983) assumes that

dealers can observe their competitors' inventories. As Biais (1993) points out, this

assumption might be justified for centralised markets, but is unlikely to hold in

fragmented markets such as SEAQ, where transactions often take place at prices

inside the displayed quotes (see Reiss and Werner (1995)) and transparency is

incomplete (see Board and Sutcliffe (1995, 1997), Gemmill (1996), or Lai (1996)).

Biais (1993) relaxes this assumption. In his model, dealers do not observe com-

petitors' inventories, but have knowledge about the distribution of inventories. In

the solution to his model, Biais shows that the expected price is the same in the

centralised and the fragmented market. The result is similar to that of "revenue

equivalence" in English and Dutch auctions.

In the empirical literature, a number of papers have dealt with inventory con-

trol predictions, some of these were already discussed in the previous chapter.

However, none of them specifically tested the central implications of inventory

models of competitive dealership markets, since many of these implications per-

tain to relative inventory positions of market makers which could not be addressed

in the above-mentioned studies because of the lack of data on individual invent-

ories. Studies based on NYSE data are not very useful in addressing questions

like these, because the very nature of the NYSE market precludes any analysis

of either the inventory models of dealership markets and, to some extent, even

the monopolistic dealer model because the specialist on the NYSE is neither a

competitive dealer nor a monopolist.

Among the few papers studying data from multiple dealer markets for a similar
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purpose as ours are Stoll (1976) and Neiiberger (1992), who both use aggregate

inventory data for NASDAQ and LSE data, respectively, but are unable to invest-

igate the behavior of individual dealers. Lyons (1995) studies the foreign exchange

market, but uses trade data from only one of the several competing dealers. These

papers lack the kind of detailed data available to us and hence do not explore the

rich relationships between quote placement and individual dealer inventories that

are central to the inventory model of dealership markets. Manaster and Mann

(1996) look at the intraday behavior of scalpers in futures markets, a market with

a fundamentally different market structure. Snell and Tonks (1995, 1996) examine

the behaviour of a (non-existent) aggregate market maker in a sample of illiquid

London Stock Exchange stocks.

Another related group of papers due to Chan, Christie and Schultz (1995), Christie

and Schultz (1994) and Christie, Harris and Schultz (1994), analyzes the quote

placement behavior of dealers on NASDAQ. Christie and Schultz (1994) conclude

that there is little evidence that NASDAQ market makers post competitive quotes.

Chan, Christie and Schultz (1995) document that quotes on the NASDAQ market

system are one-sided and the inside spread declines near the close. However, they

are unable to directly test the inventory model of dealership markets because the

data source for NASDAQ (the Bridge Quotation System) does not allow them

to identify trades to dealers or observe direct trades between market makers and

retail customers. As a consequence, they are unable to identify the inventory

positions of dealers.

Our work is also distinguished from many previous studies by its use of inter-

dealer trading data. Dealership markets like the London Stock Exchange (and

NASDAQ) are characterized by a large volume of inter-dealer trading (compare

Table III). In theoretical models such as Ho and Stoll (1983), Naik, Neuberger and

Viswanathan (1996) and Lyons (1996), inter-dealer trading is driven by inventory

differences and risk sharing considerations. However, the empirical work on what

motivates inter-dealer trading and whether inter-dealer trading is related in any

systematic manner to inventories is just beginning to he undertaken (see Reiss
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and Werner (1997) and Naik and Yadav (1996a)).

We can report a significant relation between a dealer's relative inventory position

and her al)ility to execute large trades, which is direct evidence supporting the

inventory model of dealership markets and provides a rationalization for the one-

sided quote setting behavior of dealers documented in the literature. The strong

relationship between quote changes and relative and absolute inventories lends

further support to this hypothesis. In l)artiCUlar, we find that market maker

quote changes from market bid to market ask are associated with large significant

increases in inventory (and vice versa) and that market maker quote changes from

neither highest bid nor lowest ask to either market hid or ask are associated with

insignificant changes in absolute inventory but significant decreases (increases) in

relative inventories. These results together provide direct evidence in support of

several predictions made by inventory models.

We also find that the mean reversion in relative inventories is highly non-linear,

which is consistent with the inventory model of dealership markets.' Since these

models predict that a public buy (sell) will be executed by market makers with

extreme inventory positions, one would expect to find stronger mean reversion

effects with extreme inventories as compared with inventories that are not at or

near the extreme.

As we noted in Chapter 2, the average size of inter-dealer trades is much larger

than that of public trades. Public trades exhibit great variability and can be

very small or large while inter-dealer trades show relatively little variation in size.

In this chapter we find that, in general, the average absolute inventory level at

which a dealer participates in inter-dealer trades is significantly higher than the

average absolute inventory level at which a dealer participates in a public trade.

Importantly, we find that the extent of inter-dealer trading is increasing in the

inventory level and that a substantial proportion of the variation in inter-dealer

trading can be explained by inventories. This implies that inter-dealer trading is

'A recent paper by Mann, McDonald, and Ramanlal (1996) incorporates this insight into
the modelling of the dealer's price setting behaviour.
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intimately related to inventories, especially when the dealer has a large position.

4.1 Implications of the Inventory Model of a Corn-

petitive Dealership Market

We use Ho and Stoll's (1983) model of a competitive dealership market as the basis

for our empirical tests. This model has competing risk averse market makers who

differ in their inventories and in their risk preferences. Proposition 1 of Ho and

Stoll (1983, pp. 1057) states that the reservation fee of a market maker for buying

or selling a fixed quantity of stock depends on the variance of the stock return, the

risk aversion and the inventory level of the market maker. Reservation fees are

such that the market makers earn identical expected utility from trading and not

trading. In general, the market makers with the lowest reservation bid and ask

fees post the most competitive quotes. These quotes constitute the inside spread

and equal the reservation bid and ask prices of market makers with the second

highest and the second lowest reservation fees. Public sell and buy orders arrive

exogenously in a random fashion and are executed by market makers offering the

highest bid or lowest ask price. Sometimes the inventory differences among the

market makers are large enough so that they engage in inter-dealer trading in

order to reallocate their inventory risk.

For a given stock, the reservation prices of a market maker depend on both the

risk aversion and the inventory level of the market maker. In Ho and Stoll (1983),

we have ask and bid reservation prices

a = 1L+2R(Q_2I)

b =	 - L,.2R(Q + 21),

where i is the "true" value of the stock, a 2 is the variance of returns of the stock,

R is the coefficient of risk aversion, I denotes the inventory level, and Q denotes

the fixed size of a trade.
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If one controls for the differences in risk aversions by an appropriate standardiza-

tion of inventories, then the reservation buying or selling fee of a market maker will

depend only on her standardized inventory level, so that market makers' quotes

become a monotone function of inventory levels and the relative positioning of

quotes depends only on relative inventory levels. In general, this implies that

market makers with relatively short (long) inventory positions post competitive

bid (ask) prices. If we denote the spread defined by A and B as the inside

spread or touch at time t in stock i, where A = min(u", . . . , aM) is the lowest
j,1	 j,ftf,	 .	 .	 .ask price and B = max(b , . . . , b ) is the highest bid price at time t and Al1

is the number of market makers in stock i, then inventory models imply that the

position of market maker in 's quotes relative to the touch is a monotone function

of his inventory 1,m at time t relative to that of the market maker offering the

most competitive price in stock i. For market maker rn's bid price we express

this as

- B = ( Jtm -

where I' is the inventory level of the market maker who is posting the highest bid

price, i.e., the market maker with the shortest inventory position. 2 By symmetry,

a similar relationship holds for the ask price.

Public sells (buys) are executed by market makers posting the highest bid (lowest

ask). Therefore, changes in a market maker's inventory depend on how compet-

itive his quotes are vis-á-vis those of her competitors. If we measure the degree

of competitiveness of a market maker's quotes by the distance of his quotes from

the touch, then inventory changes depend on this distance. We express this as

r2 ,mzI	 - J;m = g(b'm - Be').	 (4.1)

2 1n the model of Ho and Stoll (1983), we have

bk > b, 4= lq2R(Q2Jk) < ,.2R(Q+2p)	 jk <p

i.e., whether dealer k's bid quote is higher than dealer j's depends entirely on their respective
inventories, and P. it follows that the dealer with the shortest inventory has the highest hid
quote. Also compare Biais (1993).
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These two stylized relations capture the essence of inventory models of competitive

dealership markets and provide several testable restrictions which we examine in

this chapter.

4.2 Standardized Inventories

Recall that Ho and Stoll's model is general enough to allow for market makers

with heterogeneous risk preferences as well as different levels of inventories across

different stocks. In our empirical analysis we aim to control for the heterogen-

eity in risk preferences or capitalizations by standardizing the market makers'

inventories, a procedure which we will now describe in greater detail.

As explained in the previous chapters, our data allows us to construct the market

makers' inventory positions at every instant, but these inventory positions cannot

be compared directly, because market makers differ in terms of their risk aversion

or capitalization. We control for these differences by standardizing market maker

inventories in the following way.

Consider a particular stock i. Let J,m denote the inventory of market maker rn

in that stock at time t. At the start of the sample period (t = 0), we assign a zero

inventory position to each market maker in every stock, i.e., we set j,m 0 for all

market makers in 1,2,. . . ,M1 , where M1 equals the number of market makers in

stock i. Inventories 1,m are then constructed as previously defined. Note that the

assumption of zero starting inventory does not affect standardization and is made

solely to compute the sample moments needed for standardizing the inventories.

We define Sf the standardized inventory of market maker in in stock i at time

tas

j2,m	

it 
,Tfl

,jzrn = 1.	

,	 ( 4.2)

where T' denotes the calendar time average inventory level, and .s 2 '' denotes the

calendar time standard deviation of inventory level over the entire sample period.
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Note that 81,m is dimensionless. From rearranging equation (4.2) we can see

more clearly that S1'"' denotes the difference between the market maker's current

inventory 1,m and his long-term target inventory -jim measured in standard

deviations of that particular market maker's inventory series, sm

j,m -	 =	 .

Thus, a standardized inventory of, for example, 31,m = 2 describes a situation

where market maker rn's inventory in stock i is 2 standard deviations above his

long-run mean level. In the remainder of this chapter we will thus sometimes

refer to inventories in units of standard deviations, instead of the dimensionless

standardized inventories themselves. Reiss and Werner (1997) use a slightly dif-

ferent method of standardization. They also subtract the observed sample mean

inventory from the actual series, but do not divide the new series by its standard

deviation. Instead, they argue that normal market size (NMS) can be used to

compare inventories across stocks. From the graphs they include in their paper,

however, it becomes questionable if this method is superior to ours, as it is clear

that for some market makers a trade of £100,000 is very large, while it is a rather

normal trade for others.

In total, we create 382 standardized inventory series each of which has a zero

mean and unit standard deviation by construction. The empirical distribution of

the the end of day standardized inventories of market makers has a mean of zero,

standard deviation of unity, skewness of 0.2 and kurtosis of 1.9.

This standardization procedure captures the notion that different market makers

will perceive their inventory risk in a similar way when their inventory is measured

in terms of the distance in units of standard deviations of their standardized

inventory from the respective sample mean. Given our discussion of stationarity in

the previous chapter, the estimation and use of sample moments to standardize the

inventories seems a reasonable way of controlling for differences in risk aversions.

3The Kolgomorov-Smirnov test of normality fails to reject the null of normality at a 10%
level.
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For notational convenience, we will refer to the standardized inventories simply

as inventories for the remainder of this chapter.

Before we proceed, it is inWortaflt to 1)Oiflt out two key assumptions made by the

inventory models which, strictly speaking, do not hold in practice.

First, no dealer knows the other dealers' inventories precisely. 4 At best, a dealer

might have some idea about the inventories of other dealers and learn from their

quotes. This implies that at each point in time the market maker posting the

highest bid price or the lowest ask price need not be the market maker with

strictly the shortest or longest inventory position. However, in general, market

makers posting the best price are expected to have relatively extreme inventory

positions. Second, the order flow on the LSE can he preferenced to any dealer

as long as she undertakes to match or better the best quoted price. 5 As a result,

market makers who do not post the most competitive prices will.still obtain part

of the public order flow. In our empirical investigation, we modify the testable

restrictions implied by the model suitably to take these two features of the real

life dealership market which generates our data into account.

4.3 Relative Inventory Position and Order Flow

Execution

In this section, we examine whether public orders are executed by market makers

with divergent inventories and whether market makers with divergent inventories

engage in inter-dealer trades that bring their inventories back to the desired level.

Although, in principle, the inventory effects should affect all trades, they are

likely to be more pronounced in large trades. We therefore sort public and inter-

dealer trades by their size and focus on both the top 1% and top 5% of public

4 This assumption implicitly underlies the second price result of Ho and Stoll (1983).
5 The term "preferenciug" refers to the practice of routing order flow to market makers

regardless of their quote position vis-á-vis the inside or market spread. See tlansch, Naik, and
Viswanathan (1996).
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for a public buy order,

for a public sell order,

and inter-dealer trades. For each of these trades, we measure the distance of

the inventory of the market maker executing the trade from the inventory of the

market maker who at that time was most favourably placed to execute the trade,

i.e., the market maker with an extreme inventory position. Taking the model of

Ho and Stoll (1983) literally, we would expect to observe the market makers with

the most divergent inventory to execute all these trades and our measure to be

equal to zero at all times. However, as discussed above, this extreme version of

the inventory hypothesis is unlikely to hold in practice because market makers

often do not know the inventories of other dealers and because order flow can be

preferenced.

Figures 4.3 and 4.4 summarize our findings. The vertical axes represent the

fraction of the public and inter-dealer turnover executed by market makers, while

the horizontal axes show the distance between the inventory of the market maker

who executes a trade, indexed k, and that of the market maker most favourably

placed dealer to execute that trade, i.e.,

I- si;"
Distancec =

	 - si;"

where SI,* is the shortest, and S1,** is the longest standardized inventory position

of any market maker in stock i at time t.

In the case of the top 1% of trades, we find that market makers who are either

most favorably placed or with a distance of at most one (standard deviation)

from the most favorably placed execute 59% of public turnover and 54% of inter-

dealer turnover. Market makers whose inventory is within a distance of one and

two (standard deviations) away from that of the most favorably placed execute

about 20% of the public turnover and 26% of inter-dealer turnover. Only 1%

of either public or inter-dealer turnover goes to market makers whose inventory

is a distance of more than five (standard deviations) away from the most favor-

ably positioned dealer. The corresponding figures for the 5% largest public and

inter-dealer transactions are very similar. Overall, these results suggest that a sig-
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nificant proportion of large trades are executed by market makers with divergent

inventories, consistent with the model.

The finding that some of these very large trades are executed by market makers

who are a distance of more than five (standard deviations) away from the market

maker with the extreme inventory seems surprising at first. Two explanations

appear plausible. First, the market maker may have a long-term trading relation -

ship with some customers and therefore may choose to undertake these trades in

order not to lose this regular business to a competitor. Second, our measure of

the inventory position may contain some noise due to ADR trading in the stock.

To shed light on the ADR effect, we examine the two subsamples of ADR and

non-ADR stocks. We find that in both samples, similar proportions of the public

and inter-dealer trades are executed by market makers situated a long distance

away from the extreme inventory, and that the results do not differ significantly

for the two subgroups. For example, in the case of ADR stocks 0.6% (0.9%) of

the public (inter-dealer) trades are executed by market makers who are more than

five standard deviations away from the most favorably placed dealer. The cor-

responding figures for non-ADR stocks equal 1.1% and 1.5%, respectively. These

numbers suggest that considerations like long-term trading relationships and not

inventory mismeasurements due to ADR trading may be the reason for observing

these inventory exacerbating trades.

In order to ascertain the significance of these findings, we conduct a more rigor-

ous statistical test which involves measuring the distance of the inventory of the

market maker executing a trade from that of the inventory of a randomly selected

market maker. If inventories were not an important factor in the determination of

trade execution, ceteris paribus, all market makers would have an equal chance of

executing a public trade, regardless of their inventory position. In this case, the

mean distance of the inventory of the market maker executing a trade from that of

a randomly selected market maker would not be significantly different from zero.

If, on the other hand, the mean distance turned out to be significantly different

from zero and in the direction predicted by the inventory model, it would lend
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support to the notion that inventories play an important role.

We implement the test as follows. We measure the inventory level of all market

makers in a given stock just before the execution of a large trade and compute the

average inventory level, as this represents the expected inventory of a randomly

chosen market maker. For public buy orders, we subtract the inventory of the

market maker who executes the trade (again indexed by k) from the average

inventory; for public sell orders, we subtract the inventories in reverse order, i.e.,

- 5Ik for a public buy order,
Distance = 

SIk -	 for a public sell order,

where 3i is the average standardized inventory level of all market makers in stock

i at time t.

Under the null hypothesis of no inventory effects, this Distance is normally distrib-

uted with zero mean. For the purpose of reliable statistical inference, we also have

to ensure that market makers' inventories are independent across observations.

For instance, if we decided to test the statistical significance of inventory effects

for the top 5% of trades, then in British Telecom there would be about 18 large

trades per day or more than two large trades per hour. If one were to assume

that the rule of 90 minute publication delay followed on the LSE is a measure of

the time required to reallocate the inventory risk of a large trade, then more than

two large trades per hour would not provide sufficient time for the reallocation of

inventory risk, leading to potentially correlated inventories across observations.

To overcome this potential problem of cross-correlated inventories, we focus only

on a subset of large trades that are at least 90 minutes apart, sort these trades

by size and choose the 300 largest public and the 300 largest inter-dealer trades

in each stock. We ascertain whether inventories in this sub-sample are uncor-

related by computing the average Spearman rank correlation coefficient between

the ordering of inventories at the times of two adjacent large trades. We find

the average Spearman rank correlation to he 0.024 and cannot reject the null
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hypothesis of zero rank correlation for any stock in the sample, suggesting that

our rule of selecting large trades which are at least 90 minutes apart provides us

with independent inventory observations and enables us to interpret the statistical

significance of our findings correctly.6

Table XVI reports the results of our test. For large public trades we find that the

mean distances are all negative and statistically significantly different from zero

while for large inter-dealer trades the mean distances are negative and statistically

significantly different from zero in 29 out of 30 stocks. These results provide strong

support to the implication of inventory models of dealership markets that large

trades are executed by market makers with divergent inventories.

Another potential problem interfering with our inference is that of prior inform-

ation leakage. Since prices for large trades are often sought from several market

makers before finalizing the deal with one of them, it is possible that the market

maker who executes a large trade was aware of it before actually being asked to

execute it. If a market maker is aware of the trade, then in anticipation, he may

enter into transactions to build up an inventory position. 7 However, we argue that

prior leakage of information about large trades is more likely for trades that are

executed later in the day, because dealers are concerned about carrying large in-

ventory risks overnight. We divide our sample of 300 large public and inter-dealer

trades into trades executed in the morning and trades executed in the afternoon.

Table III shows the mean distance for the public trades executed in the morning

and in the afternoon. For trades executed in the morning, we find that in 29 out

of the 30 sample stocks the average distance is negative and significantly different

from zero. For trades conducted in the afternoon, the corresponding number turns

out to be 27 out of 30 stocks. In the case of the inter-dealer trades (not reported),

the corresponding numbers are 28 out of 30 for the morning and 26 out of 30 for

the afternoon. Overall, the possibility of prior leakage of information does not

6 We have also run our tests for all of the top 1% and the top 5% of the trades and have found
similar results.

7 Evidence of this "pre-positioning" behaviour has been documented by Board and Sutcliffe
(1995), Hansch and Neuberger (1995), and Reiss and Werner (1997).
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seem to affect the results very much.

4.4 Quote Competitiveness and Order Flow Exe-

cution

Because of the practice of order flow preferencing, it is perceived that posting

competitive quotes may have little value in dealership markets. In this section,

we examine the marginal impact of posting competitively by measuring the excess

market share (relative to the long run share) a dealer obtains during a period in

which he posts the most competitive quotes. We begin by dividing each day into

16 trading intervals of thirty minutes length. At the beginning of each of these

intervals we identify the market makers whose quotes coincide with the market bid

(ask). Over the next thirty minutes, we measure the fraction of public sell (buy)

volume executed by market makers who are on the bid (ask) side of the touch and

test if this fraction is significantly greater than the overall (unconditional) market

share over the whole sample period.

Table XVIII summarizes our findings. It shows that market makers offering

competitive prices on one side of the touch execute a significantly greater propor-

tion of the order flow on that side of the market. In particular, we find that, on

average, market makers on the bid side of the touch execute 6.6% more public

sell trades than their long run market share would suggest. This difference is

statistically significant in 29 out of 30 stocks. The corresponding number on the

ask side is 5.3% and is statistically significant in 28 out of 30 stocks. Hence, the

evidence suggests that market makers on the LSE are able to attract order flow in

the desired direction by posting competitive prices. The magnitudes might seem

small at first, but it has to be remembered that not all order flow is available

to the most competitive market makers because of the practice of preferencing,

and that at any point in time very likely several market makers post identically

competitive prices. As evidence presented by Board, Fremault Vila, and Sutcilife
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(1997) suggests, touch presence is not instrumental in generating trades.

4.5 Decomposition of Mean Reversion in Invent-

ones

As argued before, in inventory models of dealership markets, the likelihood of

executing public orders depends on the degree of competitiveness of a market

maker's quotes which in turn depend on his relative inventory position. When a

market maker has an extreme inventory position, he is able to post competitive

quotes on one side and stands a better chance of executing the public order flow in

the desired direction. This results in a relatively speedy reduction of his inventory

imbalance. On the other hand, when a market maker's inventory is closer to the

median, he is not able to post competitive prices and therefore stands a poor

chance of executing public orders. As a result, his inventory will revert to the

desired level more slowly. The above argument implies that relative inventories

of market makers should be mean reverting and the degree of mean reversion

should be increasing in the relative inventory level.

Let M1 denote the median inventory level at time t in stock i, and let RI,'m =
sI;.m - M1 denote market maker rn's inventory position relative to the median

inventory at time t. Theory implies that the mean reversion in a market maker's

relative inventory position should be increasing in the relative inventory level, i.e.,

= n(RI;'m ).	 (4.3)

In this subsection we test relation (4.3) by allowing for five different mean rever-

sion coefficients for five different levels of relative inventory positions and examine

if the intensity of mean reversion is increasing in the level of relative inventory.

In particular, we run the following piece-wise linear regression,

'd =a+/3i D'RI +/32 D2 RI +i33D3RI
(4.4)

.i ,ln
+ /34 D4 RI + /35 D5 RI + e
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where

= 1, if 0< RII < 1, and 0 otherwise,

D2 = 1, if 1 < R1U < 2, and 0 otherwise,

= 1, if 2< RIJ <3, and 0 otherwise.

D4 = 1, if 3 ^ IRIU < 4, and 0 otherwise,

= 1, if 4 < R1	 , and 0 otherwise.

where in denotes the market maker and RI ,' represents the relative inventory of

market maker in in stock i at the end of day d. The D's are dummy variables which

allow for differences in the degree of mean reversion as a function of the level of

relative inventory. We run this regression for all market makers in all stocks, and

estimate the inventory level dependent mean reversion coefficients (/3).

Panel A of Table XXI summarizes our findings. We find that, consistent with

model predictions, the degree of mean reversion is strongly and positively related

to the level of inventory.

This finding has two main implications. First, specifying a single mean reversion

coefficient irrespective of the level of inventory may fail to capture important non-

linear effects in the time series of market maker inventories. Second, inventory

half-lives calculated on the basis of single mean reversion coefficients are mis-

leading, since the speed of mean reversion reduces as the inventory imbalance

decreases.

For the sake of completeness, we run the regression with absolute (i.e., stand-

ardized) inventories instead of relative inventories and find that the results also

exhibit considerable level dependent variation, although the degree of mean re-

version is somewhat smaller in magnitude compared to relative inventories. The

inventory half-lives range from 1.27 (lays starting from an inventory level of five

standard deviations (i.e., .$I: .m I = 5) to 4.59 days starting from one standard

deviation (I8[I = 1).

107



In order to isolate the effects of the presence of ADRs on nine of our sample stocks,

we also run the regression for the ADR and Non-ADR subsamples. Panels B and

C in Table V report the results. While the overall pattern of the results is very

similar to that for all stocks, the mean reversion is lower for ADR stocks than for

non-ADR stocks, which is not surprising given the results in the previous chapter.

4.6 Linkages between Quotes and Inventories

This section examines the relationship between quote changes and inventory

changes. In inventory models of dealership markets, a market maker's relative

quote position is a monotone function of his relative inventory J)OSitiOn. There-

fore, the changes in a market maker's quote position over time must be a function

of the changes in his relative inventory position over time. We express this for

the bid quotes of dealers as follows,

- B) =	 -	 (4.5)

where SI'S is the inventory of the market maker with the shortest inventory pos-

ition in a stock. By symmetry, a similar relationship holds for the ask quotes.

We know from our tests above that during the time the market makers post the

best price they obtain about 6% excess market share in the desired direction. If

the strategy of posting the best price leads to a net change in a market maker's

inventory over time, that change in inventory also reduces his ability to continue

to post the best price. In this section, we examine how much inventory, on

average, a market maker accumulates before he changes his relative quote position

and whether the inventory changes associated with different quote changes are

consistent with the predictions of the inventory models of dealership market.

An interesting feature of our dataset is that the individual quoted bid-ask spread

is constant, identical for all market makers and in general wider than the inside

quotes or touch. This feature was also noted by Reiss and Werner (1995) and is
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Figure 4.2: Market Maker Quotes from SEAQ screen snapshot

illustrated in Figure 4.2, which depicts the quotes of the market makers from the

snapshot of the SEAQ screen in Appendix A (Figure 8.1). This means that at

any point in time, a market maker's quotes are such that either the market maker

is on the bid side of the touch, or on the ask side of the touch, or is straddling the

touch. On average, we observe that about 70% of the market makers post quotes

in such a way that they are either on the bid side of the touch or on the ask side

of the touch and 30% straddle the touch. This suggests that a majority of the

market makers try to attract order flow primarily in one direction.8

As a result of this quoting behaviour a market maker's relative quote position will

he such that either his bid quote coincides with the market bid or his ask quote

8These figures compare with the findings by Reiss and Werner (1995). Other researchers
have observed a similar phenomenon on the NASDAQ. See for example, Chan, Christie and
Schultz (1994).
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coincides with the market ask or his cluotes straddle the touch. Starting from any

of these three positions, if the market maker decides to change his relative quote

position, he can move to either of the other two positions. This implies a total of

six possible quote position changes that can be observed in the data.

For example, consider a market maker who is posting the highest bid price at

time t. He will on average buy from the public, thus increasing his inventory. If

inventory matters, he will wish to change his quote position downwards relative to

the market spread at some later point l(l > t). At that point he faces a choice:

he can either lower his quotes by a relatively small amount so that his quotes

straddle the touch, or he can lower his quotes by a relatively large amount so that

his ask price forms the ask side of the touch. Theory predicts that his decision

will depend on the extent of the increase in his inventory from time t to t1.

The monotone relationship between inventories and quotes specified by the in-

ventory models provides us with the following implications. First, the change in

the inventory of a market maker who moves away from the bid side of the touch

must be positive relative to the shortest inventory. 9 Second, the change in the

inventory relative to the shortest inventory associated with moving from the bid

side of the touch to the ask side of touch must be larger than that associated with

moving to straddling the touch.

We summarize the six quote change possibilities in Table XV below, where "++"

("--") denotes large positive (large negative), "+"("-") denotes small positive

(small negative), and S and L denote the change relative to the "shortest" and

"longest" positions, respectively. The predicted inventory change when a market

maker moves from the bid (ask) side of the touch to the ask (bid) side of touch

must be large and negative (positive) relative to the shortest (longest) position.

Similarly, a move from the hid (ask) side of the touch to straddling the touch

must be small and negative (positive) relative to the shortest (longest) position.

9 The reason behind measuring the inventory with respect to the shortest or the longest and
not the median is that we are comparing the changes in the quote position of a market maker
vis-á-vis that of the market maker posting the highest bid or lowest ask.
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Table XV : Quote Position and Associated Inventory Changes
This table summarizes the six possible changes in relative quote positions and the associ-
ated changes in inventory according to the theory. The symbol "++" ("--") stands for
a large positive (negative) change, while the symbol "+"("-") stands for a small positive
(negative) change, and the symbols S and L denote changes relative to the "shortest" and
"longest" positions (of any market maker), respectively. The symbol "NA" (not applic-
able) indicates that these cells do not pertain to any change in relative quote position.

Inventory Change

From	 To Touch Bid	 To Touch Ask	 To Straddle

Touch Bid	 NA	 ++(S)	 +(S)

Touch Ask	 --(L)	 NA	 —(L)

Straddle	 +(L)	 —(S)	 NA

Finally, we consider a market maker who is straddling the touch at time t but gets

back on the touch at some later point in time. During the time a market maker

is straddling the touch, the expected change in his absolute inventory equals zero,

because although a market maker straddling the touch executes some preferenced

order flow, it will consist of public buys and public sells. Since these are assumed

to be random and equally likely, on average, they will not lead to a change in

the absolute inventory level. However, during the same time other market makers

posting the highest bid price (lowest ask price) attract public sell (buy) orders

and experience a systematic increase (decrease) in their inventories. As a result,

the inventory position of a straddling market maker relative to the shortest or the

longest inventory position will change over time. It is this change which brings

the straddling market maker back on to the touch. To test these predictions, we

compute the change in a market maker's relative inventory, whenever his quote

position relative to the touch undergoes a change. We average these changes

across all stocks and all market makers. We also measure the absolute changes in

inventories associated with the changes in quotes. For notational convenience, we

use the term "Bid to Ask" to denote the case of a market maker's quotes initially

forming the bid side of the touch and later forming the ask side of the touch. The

terms Bid to Straddle, Ask to Bid, Ask to Straddle, Straddle to Bid and Straddle
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to Ask indicate corresponding quote transition scenarios.

Table XIX summarizes our findings. The data strongly supports the predictions

regarding the relationship between quote changes and inventory changes. The

mean change (in standard deviations) in a market maker's inventory relative to

the shortest (longest) inventory position from Bid to Ask (Ask to Bid) equals

0.089 (0.082) while the same mean change from Bid to Straddle (Ask to Straddle)

equals 0.054 (0.079). Both these mean changes are significant and in the direction

predicted by the inventory hypothesis. Additionally, the fact that larger changes

are observed when the quotes are moved from Bid to Ask (Ask to Bid) is con-

sistent with inventories being an important reason why dealership markets are

characterized by one-sided quote placements by dealers.

Further support of the inventory hypothesis is provided by the observed changes

in absolute (i.e., standardized) inventories. We find that the mean changes in

market makers' absolute inventory from Bid to Straddle equals 0.054, from Bid

to Ask equals 0.12, from Ask to Straddle equals -0.045 and from Ask to Bid

equals -0.115, all significant. These results are similar in magnitude to those

for relative inventories just discussed. Consistent with the inventory hypothesis,

market makers who quote the best quotes get a greater portion of the one-sided

order flow, changing their absolute and relative inventories and leading them to

eventually update their quotes.

Finally, we consider market makers who are straddling the touch and move to

Best Bid or Best Ask. We find that the mean change in absolute inventories from

Straddle to Ask and Straddle to Bid is small and insignificantly different from

zero, as predicted. However, the mean change in relative inventory of a market

maker from Straddle to Ask equals 0.034 relative to the shortest inventory and

from Straddle to Bid equals 0.027 relative to the longest inventory, and both are

significant. While market makers who straddle the quotes get balanced order flow

through preferencing, their relative inventory position changes because market

makers who are posting the best quotes are receiving one-sided order flow. Hence,

the absolute inventory position of these market makers does not change while their
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relative inventory position does, leading to their providing the best quotes. This

is strong evidence that quote placement behavior is driven by relative inventories.

4.7 Inter-Dealer Trading and Inventory Control

In this section, we examine the extent to which market makers use inter-dealer

trading in the management of their inventories. In Ho and Stoll (1983), inter-

dealer trading occurs when inventories diverge substantially and dealers prefer the

certainty of inter-dealer trading to waiting for an uncertain public trade arrival.

Thus, in Ho and Stoll's model the dealers have greater willingness to trade in the

inter-dealer market when they have divergent inventories.10

We know from section 4.3 that inter-dealer trading is similar to public trading in

the sense that dealers with divergent inventories are more likely to participate in

inter-dealer trades that reduce the divergence of their inventories. In this section,

we investigate whether there exist any significant differences in the size of trades

and the inventory levels at which market makers engage in inter-dealer trades

compared to public trades.

First, we note the size of every trade, public as well as inter-dealer, and the

absolute inventory level at which each dealer executes that trade. For each stock,

we compute a size weighted average inventory level for the public trades and the

inter-dealer trades. We aggregate these across stocks and find that the average

absolute inventory level at which a market maker sells to the public equals 0.18

(standard deviations) while that at which he sells to the other dealers equals 0.51

(standard deviations), a difference of 0.33 (standard deviations). Similarly, the

average inventory level at which a market maker buys from the public equals -0.23

(standard deviations) while that at which he buys from the other dealers equals

10 Recent models by Naik, Neuherger and Viswanathan (1994) and Lyons (1996) also provide
similar implications except that market makers in these models engage in inter-dealer trading for
inventory as well as informational reasons. Saporta (1996) analyzes the market makers choice
between direct inter-market maker trading and the inter-dealer broker system.
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-0.42 (standard deviations); a difference of -0.19 (standard deviations). Moreover,

the average inventory levels as well as the differences are all significantly different

from zero. Thus, the data suggest that the inventory level at which the dealers

engage in trading among themselves is about twice that at which they typically

trade with the public.

Second, we examine if market makers actively manage their inventories by in-

creasing the intensity of trade among themselves as their inventories diverge. We

divide the change in the absolute inventories of the market makers into an inter-

dealer and a public trading component. Specifically, we break up 	 the

change in the inventory of market maker rn from end of day d - 1 to end of day d,

into 1idSIm due to inter-dealer trading plus 	 due to public trading, and

we run the following two regressions:

idSJi,m	 + 7idDlSJm + -D 2SI +
(4.6)

id D4 SJi ,m	 idD5SJi,rn + Id
+)'4	d_1+'YS	 -	 m,d

and

psI,m p + -yçD'SI + yD2SI + D3SId_l
(4.7)

p+ y'D4SI + D5SI + m,d

where

D' = 1, if 0 ^ ISIff'i I < 1, and 0 otherwise,

D2 = 1, if 1 < ISIc	<2, and 0 otherwise,

D3	 1, if 2 ^ ISIU <3, and 0 otherwise.

= 1, if 3	 IS1I <4, and 0 otherwise,

D5 = 1, if 4 < SII, and 0 otherwise.

and where m denotes the market maker and 912,m represents the standardized

inventory of market maker in in stock i at the end of day d.
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The above two equations divide the mean reversion coefficients for absolute in-

ventories obtained previously, ,8, into two parts. The first part, captures the

mean reversion in inventories due to inter-dealer trading while the second part,

-ye, captures the mean reversion in inventories due to public trading. This decom-

position enables us to evaluate the extent to which inter-dealer trading contributes

to mean reversion in inventories across different inventory levels.

The last column in Table XXI summarizes our findings. A large proportion

of mean reversion in inventories occurs due to trading with the public when in-

ventories are near the mean. However, as the inventory level starts to diverge,

inter-dealer trading starts to play an increasingly important role. We also ob-

serve that most of the difference in mean reversion between intermediate levels

of inventories (2 to 3 standard deviations) and high levels of inventories (4 to 5

standard deviations) arises primarily from differences in the extent of inter-dealer

trading. This finding has recently been confirmed by Reiss and Werner (1997).

Using a different methodology they find that when a market maker's inventory

reaches an "extreme" level, the fraction of inter-dealer trading increases to 65%

in FTSE-Stocks from their estimated average of 24%.

In order to shed light on the differences in the relative importance of mean re-

version of inventories for ADR and non-ADR stocks, we repeat these regressions

for the two sub-samples. The last columns of Panels B and C in Table XXI

summarize our findings. Although market makers' inventories of the highly liquid

ADR stocks mean revert marginally less quickly compared to those of the less

liquid non-ADR stocks, the relative importance of inter-dealer trading increases

as the inventories start to diverge in both the ADR as well as non-ADR stocks.

On the whole, the evidence suggests that inter-dealer trading is an important

mechanism for managing inventory risks in dealership markets, especially when

inventories diverge a lot. These results are consistent with the models of Ho

and Stoll (1983), Naik, Neuberger and Viswanathan (1994), Lyons (1996), and

Saporta (1996) in which the inter-dealer market facilitates the management of

inventory risks and allows dealers to take large inventory positions that they
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would be unwilling to take in an auction type market where they can only unwind

their inventory positions against the public order flow.

4.8 Concluding Remarks

In this chapter we tested the empirical predictions of Ho and Stoll's (1983) model

of competitive dealership markets pertaining to inventories, quote i)Ositiofliflg and

order flow execution. Overall, our results provide strong support to the model.

As predicted, dealers with extreme inventory positions are most likely to execute

large orders which move their inventories towards desired levels, and a signific-

antly larger proportion of the public order flow goes to the market makers posting

the most competitive cluotes which suggests that market makers, by strategic po-

sitioning of quotes, can attract the public order flow primarily in their desired

direction. We also find evidence of the expected significant relationship between

quote changes and inventory changes.

Adding to our results on mean-reversion coefficients derived in the previous

chapter, we can report that the intensity of mean reversion is increasing in the

distance of inventory from the desired level - consistent with the prediction of

the inventory models. There exist significant non-linearities in mean reversion

coefficients implying that any inference about inventory half-lives obtained under

the assumption of constant mean reversion may be misleading.

We also explored the relationship between inter-dealer trading and inventories.

We find that the average absolute inventory level at which a dealer participates

in an inter-dealer trade is significantly higher than the average absolute inventory

level at which a dealer participates in a public trade, and that the extent to which

a dealer engages in inter-dealer trades is directly related to his inventory level.

In summary, our results provide an extensive body of new and original evidence

that inventories play an important role in competitive dealership markets.
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Table XVI : Inventory Divergence and Trade Execution - Public and
Inter-Dealer

This table shows the mean difference of standardized inventories between the market
maker actually executing the trade and a randomly chosen market maker, together with
the corresponding t-statistics. We report our results for the top 300 public and top 300
inter-dealer trades involving market makers that are at least 90 minutes apart.

Public Trades	 Inter-Dealer Trades
Stock	

Mean	 t-stat	 Mean	 t-stat
British Telecom	 -0.32	 -4.55	 -0.24	 -2.72
Hanson	 -0.12	 -3.05	 -0.09	 -1.83
Barclays	 -0.40	 -5.18	 -0.35	 -5.89
Marks & Spencer	 -0.53	 -6.04	 -0.41	 -6.81
General Electric	 -0.76	 -3.47	 -0.61	 -9.68
RTZ	 -0.74	 -7.41	 -0.50	 -6.98
British Airways	 -0.19	 -5.15	 -0.16	 -3.61
Boots	 -0.46	 -5.49	 -0.26	 -4.23
Cadbury Schweppes	 -0.26	 -3.38	 -0.35	 -6.03
Royal Insurance Holdings 	 -1.26	 -4.27	 -0.47	 -6.26
Tate & Lyle	 -0.48	 -5.23	 -0.25	 -4.05
Sun Alliance Group	 -0.85	 -5.25	 -0.43	 -4.34
Land Securities	 -0.21	 -2.94	 -0.58	 -8.42
Dixons Group	 -0.69	 -8.16	 -0.46	 -6.64
Standard Chartered	 -1.42	 -10.14	 -0.76	 -8.30
Legal & General GP	 -0.77	 -9.87	 -0.67	 -6.79
Royal Bank of Scotland	 -1.08	 -7.71	 -0.36	 -3.61
Smith & Nephew	 -0.57	 -6.22	 -0.68	 -9.66
Commercial Union	 -0.48	 -5.83	 -0.69	 -8.73
Guardian Royal Exchange 	 -0.82	 -4.42	 -0.76	 -10.00
Tomkins	 -0.53	 -7.32	 -0.59	 -9.40
Siebe	 -0.73	 -10.41	 -0.45	 -8.38
GKN	 -1.06	 -8.95	 -0.61	 -6.57
Kwik Save Group	 -0.98	 -10.28	 -0.29	 -4.25
Willis Corroon	 -0.54	 -7.01	 -0.39	 -7.18
Sedgwick Group	 -1.27	 -7.29	 -0.58	 -5.32
RMC Group	 -0.75	 -6.81	 -0.70	 -9.42
NFC	 -0.77	 -10.86	 -0.50	 -7.82
Dalgety	 -1.25	 -9.45	 -0.92	 -10.75
Associated British Foods	 -0.69	 -6.95	 -0.51	 -8.05
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Table XVII : Inventory Divergence and Trade Execution - Public
Trades in Morning and Afternoon

This table shows the mean difference of standardized inventories between the market
maker actually executing the public trade and a randomly chosen market maker, together
with the corresponding t-statistics, for morning and afternoon trading separately. The
number indicates the break up of the 300 trades into trades execued in the morning and
in the afternoon.

S k	
Morning	 ______ Afternoon

oc	 No.	 Mean	 t-stat	 No.	 Mean	 t-stat
British Telecom	 145	 -0.38	 -3.85	 155	 -0.26	 -2.62
Hanson	 147	 -0.14	 -1.82	 153	 -0.11	 -1.69
Barclays	 148	 -0.43	 -4.15	 152	 -0.37	 -3.24
Marks & Spencer	 149	 -0.55	 -5.78	 151	 -0.51	 -3.55
General Electric	 143	 -0.61	 -1.72	 157	 -0.98	 -3.09
RTZ	 140	 -0.78	 -6.04	 160	 -0.71	 -4.72
British Airways	 157	 -0.28	 -5.43	 143	 -0.15	 -1.73
Boots	 124	 -0.60	 -4.46	 176	 -0.37	 -3.41
Cadbury Schweppes	 155	 -0.28	 -3.10	 145	 -0.23	 -2.46
Royal Insurance Holdings	 128	 -1.43	 -2.29	 172	 -1.14	 -5.01
Tate & Lyle	 153	 -0.52	 -3.66	 147	 -0.43	 -3.83
Sun Alliance Group	 142	 -0.65	 -4.16	 158	 -1.04	 -3.79
Land Securities	 148	 -0.27	 -2.36	 152	 -0.1S	 -1.65
Dixons Group	 135	 -0.80	 -5.83	 165	 -0.61	 -5.72
Standard Chartered	 147	 -1.41	 -7.85	 153	 -1.43	 -6.68
Legal & General GP	 124	 -0.78	 -6.31	 176	 -0.74	 -7.56
Royal Bank of Scotland	 138	 -1.06	 -4.73	 162	 -1.09	 -6.21
Smith & Nephew	 132	 -0.62	 -4.05	 168	 -0.53	 --4.77
Commercial Union	 131	 -0.54	 -3.86	 169	 -0.44	 -4.40
Guardian Royal Exchange 	 152	 -0.67	 -2.57	 148	 -0.97	 -3.70
Tomkins	 140	 -0.46	 -4.35	 160	 -0.59	 -5.95
Siebe	 135	 -0.76	 -7.13	 165	 -0.70	 -7.56
GKN	 119	 -1.09	 -5.97	 181	 -1.05	 -6.69
Kwik Save Group	 141	 -1.16	 -8.62	 159	 -0.82	 -6.14
Willis Corroon	 149	 -0.56	 -5.85	 151	 -0.52	 -4.30
Sedgwick Group	 152	 -1.33	 -5.18	 148	 -1.21	 -5.14
RMC Group	 141	 -0.69	 -6.43	 159	 -0.81	 -4.35
NFC	 119	 -0.85	 -7.91	 181	 -0.72	 -7.65
Dalgety	 146	 -1.19	 -7.61	 154	 -1.32	 -6.20
Associated British Foods	 139	 -0.88	 -4.83	 161	 -0.52	 -5.49
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Table XVIII : Excess Fractions of Buy and Sell Volume

Buy (Sell) fraction in the percentage of business executed by the market makers posting
the most competitive prices on the bid (ask) side in excess of their market share. The
corresponding t-values indicate if this fraction is significantly different from zero.

Stock	 Buy Fraction	 t-value	 Sell Fraction	 t-value

British Telecom	 4.4	 3.96	 2.9	 3.85

Hanson	 10.1	 7.92	 7.5	 5.97

Barclays	 6.2	 9.22	 9.2	 9.61

Marks & Spencer	 3.2	 2.14	 5.1	 3.80

General Electric	 7.9	 3.16	 1.3	 1.05

RTZ	 5.7	 7.32	 5.7	 5.80

British Airways	 8.2	 5.60	 9.6	 3.52

Boots	 3.7	 4.26	 1.9	 2.04

Cadbury Schweppes	 3.7	 5.48	 0.4	 1.23

Royal Insurance Holdings	 10.4	 3.97	 7.9	 3.64

Tate & Lyle	 10.4	 7.55	 7.4	 4.04

Sun Alliance Group	 7.6	 7.75	 5.1	 4.34

Land Securities	 7.1	 7.27	 6.1	 5.26

Dixons Group	 5.0	 4.34	 4.9	 3.72

Standard Chartered	 8.7	 6.31	 6.7	 7.16

Legal & General GP	 3.7	 2.04	 4.0	 2.58

Royal Bank of Scotland 	 3.2	 2.86	 2.7	 2.46

Smith & Nephew	 8.0	 7.02	 4.3	 3.85

Commercial Union	 6.7	 4.46	 5.8	 2.98

Guardian Royal Exchange	 7.2	 6.40	 3.6	 2.06

Tomkins	 6.8	 4.12	 3.5	 2.05

Siebe	 6.4	 1.82	 7.5	 3.05

GKN	 4.2	 4.50	 3.4	 3.55

Kwik Save Group	 6.5	 4.24	 7.0	 6.01

Willis Corroon	 7.7	 5.97	 4.1	 2.12

Sedgwick Group	 7.1	 4.38	 6.2	 2.07

RMC Group	 9.9	 4.90	 7.7	 3.30

NFC	 3.8	 3.68	 4.6	 2.66

Dalgety	 10.1	 13.69	 8.8	 11.65

Associated British Foods	 4.6	 5.64	 4.0	 4.81

Sample Average	 6.6	 9.11	 5.3	 7.14
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Table XIX : Absolute and Relative Changes in Standardized Inventories

This table shows the changes in absolute standardized inventory and in standardized
inventory relative to the market maker with the shortest position, and the longest position
between changes in their quote setting. Ask denotes a quote equal to the ask side of
the touch, Bid denotes a quote equal to the bid side of the touch, Straddle denotes a
straddling position, i.e., neither quote is competitive. Figures are in 1/100 of standard
deviations of market makers' standardized inventories.

Absolute	 t	 Relative	 t	 Relative	 t
Quote Change	 to Longest	 to Shortest

ALL STOCKS

Bid to Straddle	 5.44	 9.23	 -5.46	 -5.08	 5.44	 6.44

Bid to Ask	 11.96	 10.89	 -7.50	 -6.06	 8.91	 5.31

Ask to Straddle	 -4.46	 -7.35	 7.89	 5.31	 -6.93	 -7.19

Ask to Bid	 -11.55	 -9.53	 8.20	 6.73	 -8.15	 -5.88

Straddle to Ask	 0.32	 0.72	 -2.33	 -1.63	 3.38	 2.08

Straddle to Bid	 1.30	 1.76	 2.24	 1.47	 -0.05	 -0.30

ADR STOCKS

Bid to Straddle	 5.59	 3.95	 -5.12	 -2.98	 5.82	 3.97

Bid to Ask	 7.40	 4.99	 -3.97	 -2.69	 3.53	 1.23

Ask to Straddle	 -4.72	 -6.41	 7.03	 6.22	 -5.34	 -2.92

Ask to Bid	 -8.62	 -4.12	 7.65	 3.61	 -10.72	 -3.51

Straddle to Ask	 -0.33	 -0.41	 -2.59	 -5.17	 2.92	 1.84
Straddle to Bid	 3.01	 1.43	 -0.39	 -0.12	 3.94	 1.18

NON-ADR STOCKS

Bid to Straddle	 5.37	 8.77	 -5.60	 -4.09	 5.28	 5.02

Bid to Ask	 13.92	 11.42	 -9.00	 -5.79	 11.21	 5.97

Ask to Straddle	 -4.35	 -5.32	 8.25	 3.97	 -7.62	 -6.74

Ask to Bid	 -12.80	 -8.99	 8.44	 5.56	 -7.04	 -4.77

Straddle to Ask	 0.59	 1.12	 -2.22	 -1.08	 3.58	 1.59

Straddle to Bid	 0.56	 1.05	 3.37	 2.00	 -1.77	 -0.98
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Table XX Decomposition of Mean Reversion
The table shows the average mean reversion coefficients of the following regression:

7flRI = &+/31 D' RIm,d_ l +,32 D2 RI 1 +i33D3RI1 +/3 1 D4 RI 1 +/35 D5 R11 1 +d

where m denotes the market maker (in = 1,2, .,382) and RI is the relative (to the
median market maker) inventory of market maker in at the end of day d. The D are
indicator variables to allow differences in the degree of mean reversion as a function of
the level of relative inventory.

Stock
	

I3	 /35

British Telecom
	

0.91
	

0.91
	

0.84
	

0.36
	

0.32
Hanson
	

0.92
	

0.91
	

0.78
	

0.63
	

0.38
Barclays
	

0.81
	

0.82
	

0.64
	

0.34
	

0.28
Marks & Spencer
	

0.82
	

0.77
	

0.69
	

0.70
	

0.42
General Electric
	

0.77
	

0.68
	

0.64
	

0.49
	

0.39
RTZ
	

0.86
	

0.79
	

0.67
	

0.83
	

0.36
British Airways
	

0.92
	

0.91
	

0.86
	

0.50
	

0.73
Boots
	

0.87
	

0.82
	

0.77
	

0.29
	

0.27
Cadbury Schweppes
	

0.91
	

0.86
	

0.78
	

0.53
	

0.65
Royal Insurance Holdings

	
0.84
	

0.64
	

0.77
	

0.34
	

0.27
Tate & Lyle
	

0.92
	

0.88
	

0.80
	

0.60
	

0.31
Sun Alliance Group
	

0.85
	

0.68
	

0.57
	

0.52
	

0.30
Land Securities
	

0.83
	

0.82
	

0.73
	

0.66
	

0.50
Dixons Group
	

0.86
	

0.77
	

0.75
	

0.57
	

0.38
Standard Chartered
	

0.67
	

0.57
	

0.56
	

0.43
	

0.29
Legal & General GP
	

0.80
	

0.68
	

0.56
	

0.59
	

0.28
Royal Bank of Scotland

	
0.77
	

0.69
	

0.51
	

0.46
	

0.33
Smith & Nephew
	

0.86
	

0.79
	

0.76
	

0.67
	

0.59
Commercial Union
	

0.84
	

0.73
	

0.71
	

0.53
	

0.44
Guardian Royal Exchange

	
0.79
	

0.69
	

0.57
	

0.25
	

0.23
Tom kins
	

0.90
	

0.83
	

0.86
	

0.82
	

0.48
Siebe
	

0.86
	

0.72
	

0.68
	

0.80	 -.06
GKN
	

0.78
	

0.82
	

0.71
	

0.60
	

0.18
Kwik Save Group
	

0.68
	

0.64
	

0.78
	

0.47
	

0.40
Willis Corroon
	

0.93
	

0.93
	

0.77
	

0.83
	

0.72
Sedgwick Group
	

0.81
	

0.65
	

0.52
	

0.51
	

0.41
RMC Group
	

0.81
	

0.69
	

0.68
	

0.36
	

0.43
NFC
	

0.85
	

0.77
	

0.59
	

0.76
	

0.46
Dalgety
	

0.70
	

0.54
	

0.69
	

0.44
	

0.45
Associated British Foods	 0.87

	
1.21
	

0.67
	

0.62
	

0.68
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Table XXI : Mean Reversion Coefficients Under Competition

The table shows the average mean reversion coefficients of the following regression:

= a + th D ' I,,j_i +/32 D2 I 1 +!33D3I,1't 1 +/34 D4 17t 1 +135D5IYt1 
+f2

where

rl,tfl

	

D1 = 1, if 0	 I'd-il < 1, and 0 otherwise,
I t,fl1

	

= 1, if 1	 I'd...iI < 2, and 0 otherwise,

	

D3 = 1, if 2	 I1d-iI <3, and 0 otherwise.

	

D4 = 1, if 3	 I'd-lI <4, and 0 otherwise,

	

= 1, if 4	 < I	 I and 0 otherwise.

where m denotes the market maker (m = 1, . . ., 382) and I is the absolute or relative
(to the median market maker) inventory of market maker in at the end of day d. The D
are indicator variables to allow differences in the degree of mean reversion as a function
of the level of relative inventory. We run this regression for the 382 market makers. We
also calculate implied half-lives of inventories.

Absolute	 Implied	 Relative	 Implied	 Inter-Dealer
/9	 Inventory	 Half-life	 Inventory	 Half-life	 Fraction

Panel A: All Stocks

	

0.83	 3.72	 0.81	 3.29	 19%

/32 	0.77	 2.65	 0.73	 2.20	 22%

/33	0.70	 2.24	 0.63	 1.79	 27%

/34	 0.55	 1.62	 0.51	 1.30	 33%

/35	0.39	 1.34	 0.34	 1.03	 49%

Panel B: ADR Stocks

13i	 0.87	 4.98	 0.86	 4.60	 17%

/32 	0.84	 3.98	 0.81	 3.29	 21%

/33	 0.71	 2.83	 0.69	 2.46	 28%

/34	 0.58	 1.71	 0.56	 1.59	 37%

/35	0.47	 1.36	 0.42	 1.24	 52%

Panel C: Non-ADR Stocks

	

0.82	 3.49	 0.78	 2.79	 22%

/32 	0.74	 2.30	 0.69	 1.87	 23%

/33	0.69	 2.05	 0.60	 1.57	 26%

/34	 0.54	 1.56	 0.48	 1.19	 30%

	

0.36	 1.18	 0.30	 0.93	 44%
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Chapter 5

Investor Execution Costs and

Market Maker Revenues

5.1 Motivation

One of the areas of microstructure research which has attracted a great deal

of interest and research efforts is the measurement of trading costs. This is not

very surprising, given that trading costs are critical components which profoundly

affect the success or failure of investment strategies. In general, the higher the

costs involved in trading, the poorer will be the performance of any portfolio or

investment strategy. In a recent paper, Stoll (1993) estimates that U.S. equity

investors spent an amount equal to 0.45% of the aggregate value of all stocks on

trading costs! Understanding the nature of these costs should ultimately lead to

better investment decisions.

Not only investors, but also exchanges are concerned about trading costs. Com-

petition between exchanges has been becoming ever fiercer, as alternative trading

systems try to attract business away from traditional market centres. Trading

costs are one of the main weapons in this battle for investor order flow.

Investors face a number of different costs when trading securities. Among these
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costs are brokerage commission, bid/ask spread, market impact cost, opportunity

cost, taxes, clearing and settlement costs, etc. Some of these costs are observable

and measurable, such as commissions and taxes. They are usually termed "explicit

costs". Other types of costs are far more difficult to assess. They are commonly

referred to as "implicit costs" or "execution costs". Although the investment con-i-

munity expends cons iclerable resources on monitoring and controlling execution

costs, and the finance literature has developed various strands of methodologies

to estimate them, there is still little consensus as to their magnitude, appropriate

measurement, and the relation among the various measures.

In dealer markets, execution costs arise because investors buy and sell at dealers'

ask and bid prices, respectively. The difference between these prices, the bid-ask

spread, compensates the provider of immediacy, the dealer, for her service. This

insight underlies the paper by Stoll (1993), who proposes to measure execution

costs by equating them with the trading gains of immediacy providers. Stoll

acknowledges that although this measure will not generate useful information

regarding the execution costs involved in certain types of trades or stocks, "[they]

can provide a baseline against which other estimates of costs can be evaluated."

Following Stoll's suggestion, the aim of this chapter is to shed some light on the

relationship between some traditional spread-based measures of execution costs

and the trading revenues earned by market makers on the LSE.

5.2 Classification of Empirical Trading Cost Lit-

erature

Given the interest in the measurement of execution costs, it is not surprising

that there has been a tremendous amount of empirical work in this area. Stoll

(1993) introduces a useful classification scheme for this literature. He distin-

guishes between investor-oriented, market-oriented, and intermediary-oriented

approaches.
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5.2.1 Investor Oriented Approach

The investor-oriented strand relies on records of actual trades made by (typic-

ally institutional) investors and tries to measure execution costs associated with

individual orders. This normally involves the comparison of transaction prices

with some appropriate benchmark. Examples of studies in this category include

Beebower and Priest (1980), Arnott and Wagner (1990), Berkowitz, Logue and

Noser (1988), Bodurtha and Quinn (1990), Pérold (1988), Chan and Lakonishok

(1991), Keirn and Madhavan (1991), and Wagner and Edwards (1993). Collins

and Fabozzi (1991) summarize the various benchmarks that this literature has

employed. They distinguish between pre-trade measures (e.g., preceding tra.de's

price, previous day's closing price, midpoint of previous spread), post-trade meas-

ures (e.g., subsequent trade's price, closing price, week's closing price) and average

measures (e.g., average of daily high and low prices, volume-weighted average of

prices). The authors suggest that to the extent that any price represents a fair

price estimate, all these benchmarks are valid, provided that markets are efficient.

It is not clear, though, how a particular combination of prices which obtained dur-

ing a trading day relates to an efficient price.

Condon (1981) and Pérold (1988) argue for an even broader definition of execu-

tion cost. Condon defines execution cost as the security's price movement from

the time the order was received by the broker/trading desk until the actual ex-

ecution of the trade. Taking this concept even further, one could define market

impact as the price movement from the time the actual investment decision was

made until execution in the market. Obviously, it is very difficult to measure

costs defined in this way. Pérold argues along the same lines. His very broad

definition of execution costs includes the opportunity costs associated with failing

to execute a trade, once the trading decision has been made. He calls this cost the

"implementation shortfall", and suggests to measure this cost by comparing the

performance of the portfolio on the basis of trades actually being made and it's

performance on paper, i.e., the performance using prices observed at the time of

126



the actual trading decision. This means that the benchmark is based on the trade

initiator's information rather than public information. An interesting feature of

this definition is that it takes into account the private or social costs of trades

foregone. A major shortcoming of these approaches is, however, that it is not

clear whether observed prices could have been achieved in the market. Order size

and direction of the trade could have been different for the observed trade. In

London, block trades are reported only with a delay, so that relevant information

might not even be available to the investor.

Overall, it is difficult to see how results obtained with data from a particular

institutional investor can be interpreted more generally, since the execution cost

estimates obtained will normally be unique to the particular investment strategy

followed by that institution. An evaluation of execution costs in these studies

cannot be accomplished without reference to this overall trading strategy, and

probably no two investors would agree on the relevant execution costs associated

with a trade, rendering the measure purely subjective. Additionally, certain types

of trades which are typical for the market as a whole might be under- or overrep-

resented in the institution's sample. For instance, there may be many small trades

during a day in a given stock, whereas the institution only deals in large size. Any

execution cost estimate would therefore probably mis-estimate the real execution

costs for the investment community at large. One reason why previous papers

used records from an institution could have been the inability to infer trade direc-

tion from available transaction records. This probably also explains why earlier

research concentrates on blocks. One expects a higher fraction of blocks to be

classified as purchases or sales correctly because of the presumably larger price

impact. In a move to overcome these potential problems, more recent studies,

namely Keim and Madhavan (1993), and Pérold and Sirri (1993) have begun to

use order data which also includes information on trade motivation, can never be

inferred from transactions data alone, of course.

Because of the problems discussed above, we will not be concerned with the

investor-oriented types of execution cost measures here.
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5.2.2 Market Oriented Approach

The market-oriented approach does not rely on transaction data from a particular

institution, hut uses market-wide transaction or quotation data without knowledge

of trader identity. Well-known examples of studies in this category include Roll

(1984), Glosten and Harris (1988), Stoll (1989), Hasbrouck and Schwartz (1988),

and Hasbrouck (1990,1990).

Roll (1984) develops a method for estimating an effective spread from the coy-

ariance of adjacent transaction price changes. Glosten and Harris (1988) try to

break up the spread into a transitory component due to order processing and

inventory effects and a permanent component ascribed to adverse selection. Stoll

(1989) develops a model similar to Roll's to decompose the bid-ask spread into

order processing, inventory and adverse selection components. Hasbrouck and

Schwartz (1988) try to infer the magnitude of execution costs by comparing short-

and long-run price volatilities, based on the argument that in the presence of ex-

ecution costs, volatility is disproportionately high in the short-run. Hasbrouck

(1988, 1991) models the time series of quotes and trades in a VAR framework to

make inferences about the sources of the spread.

Work on the London Stock Exchange has been done by Snell and Tonks (1996)

who estimate a bivariate VAR to test for inventory and information effects in the

spread, and by Reiss and Werner (1995), who introduce an alternative measure

which they call the apparent spread. It is similar to the price improvement meas-

ures used by Petersen and Fialkowski (1994) and the effective spread measure of

Huang and Stoll (1994, 1995).

These latter two papers by Huang and S toll use a whole host of spread-related

measures of execution costs, among these are quoted spreads, effective spreads,

and realized spreads. It is their methodology that we will adopt in our work in

this chapter, and we will introduce and develop the various measures in greater

detail further below.
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5.2.3 Intermediary Oriented Approach

This approach is essentially the one advanced by Stoll (1993), which identifies

investor execution costs with trading gains of immediacy suppliers.

Competitive dealers set the spread to earn enough to cover their operating costs

and a normal profit. In a naive model, market makers charge a bid-ask spread

and get a broadly balanced order flow. Over a long period of time their realized

margin should equal public volume traded multiplied by half the bid-ask spread.

This measure would be correct if there were no costs involved in being a dealer.

In reality, of course, dealers incur three types of costs when providing immediacy

to the market: order processing costs, inventory risk, and adverse information

costs. The cost of processing the order includes wages, telephone charges, com-

puter time, clearing fees, and other costs associated with being a dealer. Further,

the dealer bears risk in the form of sub-optimal inventory, which has to be com-

pensated (Stoll (1978a)). Finally, the dealer faces the risk of dealing with investors

possessing private information, and thus demands compensation for bearing this

risk (Copeland and Galai (1983), Glosten and Milgrom (1985)). It follows that

the dealer will not be able to keep the whole spread.

Stoll's empirical analysis on trading gains made by securities firms involved in

dealing on NYSE/AMEX and NASDAQ during 1992 results in an estimate of

4,753 million dollars, or 16 basispoints when stated as a fraction of twice total

volume traded. These figures translate into a realize halfspread of 3.32 cents per

share traded - slightly more than half the minimum half spread of 6.25 cents per

share on U.S. exchanges.

Hasbrouck and Sofianos (1993) calculate market maker trading revenues for NYSE

specialists from transaction and inventory data on a mark-to-market basis. Their

sample comprises 137 firms over a time horizon of 3 months. They find a median

profit per specialist transaction of $7.55, with a median standard error of $15.78

implying a large degree of uncertainty about the point estimate. Unfortunately,

they do not provide data on average dollar volumes so that it is difficult to compare
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their findings to those by Stoll (1993). They reject the null hypothesis of zero gross

trading profits for only 37 stocks.

Sofianos (1996) decomposes specialist gross trading revenues into a spread and

a position component. He argues that specialists generate their trading revenues

in two ways. They capture the (half-)spread and they gain when prices move in

their favour. Spread revenue is generated by buying at the hid price and selling

at the (higher) ask price. Position revenue is generated by the changing value of

the dealer's inventory when prices move. Sofianos applies his decomposition to a

sample of 200 NYSE stocks for the month of April 1993, and finds a statistically

significantly positive revenue of $670 per stock per day, translating into a margin

of 2.5 cents per share traded by the specialist, roughly twice the amount found by

Stoll (1993) for just NYSE/AMEX stocks. When Sofianos decomposes the overall

profit, he finds that $973 are spread revenues and —$304 stem from position

revenues, implying that spread revenues are eroded by losses on the inventory

position, i.e., prices move against dealers.

Neuberger (1992) contains a study of market maker gross profitability on the

London Stock Exchange. His sample comprises transaction data for 14 stocks

over the period September 1987 to February 1988. Since his data.set does not

reveal individual market maker identities, Neuberger calculates revenues only on

an aggregate basis. He finds that margins are small compared with half-spreads

(always less than 50% of the spread), and that in nine out of his 14 sample

stocks margins are actually negative. Hansch and Neuberger (1995) look at the

profitability of block trades for market makers on the LSE. They focus on the

largest 1% of public trades in a sample of 25 stocks, and find that while market

makers do not seem to make money on these large trades directly, they do earn

positive margins in subsequent trades when laying off the unwanted inventory.
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5.3 Execution Cost Measures

Having discussed the main strands of literature relating to the measurement of

execution costs, we will now proceed to the actual implementation of our analysis.

We will follow Huang and Stoll (1994, 1995) in our choice of spread measures and

Hasbrouck and Sofianos (1993) in our calculation of market maker gross trading

revenues. In contrast to Neuherger (1992) and Hansch and Neuherger (1995), we

will compute trading profits on an individual market maker level. It would in

general he preferable to look at profits rather than revenues. Unfortunately, we

do not have any data on costs incurred by the market making firms whose trading

records make up our sample. However, this is not a major shortcoming as the

costs of market making are largely fixed, and any allocation of costs to a specific

trade is bound to be arbitrary.

5.3.1 Spread Estimates

The spread estimates we would like to analyze (following Huang and Stoll (1994,

1995)) are the individual quoted spread, the market quoted spread or touch, the

effective spread and the realized spread.

The quoted half-spread is defined as

-
Quoted Half-Spread =

2

where a t and b denote the quoted ask and bid price of individual market makers,

respectively.

In a market with multiple dealers, the individual quoted spread is not very useful

as a measure of execution costs, as investors will always elect to trade with a

dealer who has the best quote (Ho and Stoll (1983)). The inside quoted or touch

half-spread is defined as

A—B
Touch Half-Spread =

2
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where A and B1 are the inside quoted (or touch) ask and bid prices of all market

makers, respectively, as defined before.

As many others have documented (e.g., Petersen and Fialkowski (1993), Reiss

and Werner (1995), and Board and Sutcliffe (1995, 1997)), the inside spread is

not necessarily a very good measure of execution costs either, since often trades

are executed within the touch. Touch prices are often only the starting point for

negotiations. The effective half-spread takes this fact into account and is defined

as

Effective Half-Spread = 1P1 - TMPtI,

where P1 is the transaction price at time t, and TMP 1 is the contemporaneous

(quoted) touch midprice. This effective spread is different from the quoted spread

since transactions are allowed to take place within and outside the quotes.

The effective spread is the "actual" spread charged in the market and reflects

"implicit" quotes not publicly quoted in the market. If dealers are prepared to

trade at the effective spread it must cover their average costs, i.e., order pro-

cessing, inventory, and adverse information costs, as well as any rents. It is thus

more relevant and interesting for the assessment of trading costs than the quoted

spread measures.'

Finally, we also compute realized spreads. Huang and Stoll (1995) argue that ul-

timately dealers earn revenues from price reversals. They buy (sell) at bid (ask)

prices in anticipation of reversing that position at a higher (lower) price. The

realized spread is defined as the average price reversal subsequent to a trade. It

will cover the dealer's cost of providing immediacy to the market, i.e., order pro-

cessing costs and inventory costs. It will be smaller than the effective spread, as

it does not cover adverse information costs. When agents differ in their inform-

ation sets, wealth is redistributed from those without information to those with

information, but this does not reflect the use of real labour and capital resources

'Recall, however, the discussion of "protected" trades (Franks and Schaefer (1995)) in
Chapter 2.
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to provide immediacy. Huang and Stoll argue that in a dealer market the realized

spread is therefore a measure of dealer gross trading revenues.

For a (public) sell transaction at time t, the realized half-spread is defined as

Realized Half-Spread = E [(P+ 1 - P )J( D = +1)],

whereas for a buy transaction it is

Realized Half-Spread = —E [(P^ 1 - P )I( D = —1)],

where D denotes the direction (as defined above) of the first trade in a pair and

Pt denotes the price at which bargain t was struck.

In their study, Huang and Stoll do not always use adjacent transaction prices for

the computation of realized spreads. Instead, they use transaction prices which

are observed at least 5 (30) minutes apart to control for the serial correlation in

order flow caused by the "working" of large orders. Since order flow is largely

institutional and transactions occur less frequent on the LSE compared with the

NYSE and NASDAQ markets, we conjecture that working of orders is less frequent

on the LSE and will simply use adjacent prices.

Our estimates of all spread measures are set out in Tables XXII and XXIII. We

will first look at the absolute half-spread measures (in pence). As we would expect,

the average spread measures follow the strict ordering conjectured above. The

average individual quoted half-spread is 2.66 pence, while the average half-touch

is more than .80 pence smaller at 1.84 pence. Consistent with previous evidence

by Board and Sutcliffe (1995, 1997) and Reiss and Werner (1995), we also find

that many trades are executed inside the touch - the average effective half-spread

is only 1.54 pence and thus about .30 pence smaller than the half-touch (subject

to the caveat raised by Franks and Schaefer (1995)). The realized half-spread is a

mere 1.32 pence, which is just half of the average individual quoted spread. If the

realized spread does indeed measure dealer revenues this indicates that market

makers keep roughly half their quoted spread. ADR stocks have generally smaller

spreads, as we would expect given the results in section 3.3.
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Looking at spreads expressed as a fraction of price (in basispoints), we obtain a

similar picture. The average quoted spread is 80.3 basispoints, and roughly half

the spread is kept by market makers to cover their costs (38.5 bp). Again, ADR

stocks have lower spreads. Comparing our figures for the stocks that are also

in Reiss and Werner's (1995) sample we find that our estimates are indeed very

similar.

According to Huang and Stoll (1995), the difference between the effective and the

realized spread is clue to adverse selection costs. By comparing the two spread

measures, we find that adverse selection costs amount to 15 17% of the effective

spread on average. This figure is slightly lower than the average adverse informa-

tion cost found by Huang and Stoll for the NASDAQ. Interestingly, the proportion

of the spread due to adverse selection is much higher, i.e., around 25%, for ADR

stocks, than for non-ADR stocks where the corresponding figure is only around

13%. Regressing this proportion for each stock on price, volume, volatility, num-

ber of market makers (see Menyah and Paudyal (1996)) as well as an ADR-dummy

produces a positive and significant coefficient for the ADR-dummy, indicating that

the observed difference is not due to other factors (possibly) correlated with ADR

availability. This evidence is consistent with the finding of Werner and Kleidon

(1996) that new private information is produced in U.S. ADR trading.

The spread measures above do not take account of trade size. We could also

conjecture that the spread is (linearly) dependent on the size of the trade (Easley

and O'Hara (1987)).

Modyflyng the approach by Glosten and Harris (1988) we estimate (in log terms):

1og(P/P_ i ) = /31 D + /32 DQ + ( + 183 D_ 1 + /34 D_ 1 Q_ 1 ) + Ct,

where P is the transaction price, D denotes price direction, and Qt denotes the

share quantity traded. In this specification, is the half spread at zero volume

expressed as a proportion of the share price, and /32 represents the slope on the

price schedule with size.
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If market-makers simply capture the sI)read, the naive forecast of market-maker

revenues equals:

/3l>2PtQf+/32PtQ,

where the summation is over all trades between the public and market-makers.

To get a margin figure we divide this figure by total volume. Overall results

are summarized in Table XXIV , while results for individual stocks are reported

in Table XXV . Averaging across the 30 stocks, the mean value of ,8, i.e., the

half-spread at zero size, was 46.1 basis points. The slope of the price schedule

was negative in all cases hut one (so large orders in general were transacted

at narrower spreads than small orders). This negative slope result is consistent

with the findings for liquid stocks in Neuberger (1993), as well as the evidence

presented in Reiss and Werner (1995) and Board and Sutcliffe (1995, 1997).

With these price schedules the naive model predicts that market-makers make

34.7 basis points gross margin on public trades. On the basis that inter-dealer

trades make no money for market-makers collectively, the forecast margin on total

volume averages 26.8 basis points.

5.4 Market Maker Revenues

In this section we look at the revenues earned by market-makers as a proportion

of their trading volume. Consistent with the definition in Hasbrouck and Sofianos

(1993), revenue can be defined as the cash received for selling shares less the cash

paid for shares bought less the value of the opening inventory, plus the value of

closing inventory. More formally, if the t'th trade is for Q shares and its direction

is denoted by the indicator variable D (D = +1 for a public buy, D = —1 for a

public sell) and the price is P then revenues earned over a period of time [0, T]

are:

H = > Q t D,Pj - I0TMP0 + ( Jo - QD)TMPr,	 (5.1)
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where TMP T and TMP0 are the touch mid-prices at the end and at the beginning

of the period, respectively, and 10 is the opening inventory.

This definition of revenue involves a degree of allocation between periods because

inventory has to be valued at the beginning and end of each period. If the market

maker is likely to move the price against himself in unwinding a large position,

using mid-market prices overstates the revenues in the following period. Con-

versely, if the market maker builds up the inventory position deliberately in order

to benefit from some predicted excess return on the share, the measure under-

states the revenues earned in the period to the benefit of the subsequent period.

These measurement problems can be reduced by measuring revenues over longer

periods.

The data set does not let us measure revenues exactly since it does not include

absolute inventory levels. We do know all trades which take place, so we can

compute changes in inventory. In the empirical analysis we assume that the

opening inventory level is zero. 2 This allows us to rewrite the revenue equation

(5.1) as:

H = j Q t Di (Pt - TMPT ).	 (5.2)

The assumption of zero initial inventory is innocuous if the market maker seeks

to maintain some desired inventory level, and inventories are therefore strongly

mean reverting. If inventory levels are non-stationary, margin estimates may be

greatly affected by choice of the baseline for measuring inventory levels.

We know from our investigation of individual dealer inventory behaviour that

for a fraction of dealer inventories the non-stationarity hypothesis could not be

rejected. From the point of view of our investigation here, the significance of

non-stationarity is that it adds substantial noise to our revenue estimate. This

2 We also did the analysis assuming the average inventory level over the period to be zero
(compare also Reiss and Werner (1997)), hut the results were substantially unaltered. The
influence of the portfolio starting inventory on profitability is likely to he small because of the
price history of the FTSE-100 index over the sample period.

1:36



necessarily weakens the power of our tests. To mitigate the risk of generating

spurious results through some correlation between this non-stationarity effect and

other variables of interest, we have looked separately at the results on the sub-

sample of market-makers where non-stationarity can be confidently excluded, and

those where non-stationarity cannot be rejected. In general we find no signific-

ant differences in means, though, as one might expect, we do find substantial

differences in standard deviations.

In our analysis we have broken down the sample of market makers into those

where a unit root in inventory is rejected, and those where we cannot reject a

unit root. In general the two classes give very similar results, suggesting that any

non-stationarity is not giving rise to serious problems in our analysis. We also

broke down the sample into cases where there were ADRs trading on the shares,

and again found no significant differences.

Trading revenues, appropriately adjusted for dividends received/paid during the

period (compare Table XXXVIII in Appendix C), are divided by total volume

traded by that market-maker to obtain a margin, which we will subsequently

denote by ir.3 Since profitability estimates for the smallest market-makers are

very erratic, we confine the individual market-maker data to active market makers,

i.e., those with a market share of 5% or more.

Before looking at the estimates of market maker revenues, it is worth thinking

about their standard deviation. Market makers hold inventories; even with their

privileged position knowing order flow, most of the change in market price is likely

to be unanticipated. This will give rise to a substantial unpredictable component

in revenues. To get a measure of this, note that in our data set, the standard

deviation of inventory levels averages about 2.6 days' trading volume. Even if

market-makers are good at predicting returns, the great majority of a share's

return is likely to be unpredicted. If the annual volatility of the unpredicted com-

ponent of a share's return is 19%, then daily volatility is around 1.2%. Ignoring

3These revenues do not include separate payments for the execution of baskets, and may
thus underestimate the actual revenues of market makers.

137



any correlation between inventory levels and volatility levels, this suggests that

the standard deviation of daily gains or losses from the impact of unforeseen price

changes on inventory amount to as much as 3.1% of daily trading volume. Over

a trading year this translates into a staiidarcl deviation in margin of around 20

basis points.

The results for the 220 market-makers in our sample are shown in the first panel

of Table XXVI . The mean margin is only 3.10 basis points. The range is very

wide, with a standard deviation of 54.48 basis points, so margins are statistically

indistinguishable from zero. A large fraction of market makers (48%) actually

made trading losses over the year. This finding is consistent with Naik and

Yadav (1996b), who find negative revenues for a much larger sample, albeit over

a different time period. Table XXVII shows the distributions of revenue margins

for individual stocks.

The second panel shows the same figures aggregated across market-makers in the

same stock. The mean is little changed at 4.69 basis points and the range, though

narrower than before, is still very wide ranging from a loss of 35 basispoints on

one stock to a positive margin of 96 basispoints. Again, the level of profitability

is statistically indistinguishable from zero.

5.5 Comparing Market Maker Revenues with Spreads

The average margin is very low compared with the bid/ask spread. The fact

that margin levels are even lower for market makers when the margin estimate is

most precise (non-ADR stocks, stationary inventories), suggests that this finding

is not due to a problem in estimating margin. Even the realized spread measure,

supposedly an estimate of the revenues accruing to dealers net of adverse selection

costs, is much higher than gross margins.

Formally this must mean that revenues on the spread are largely eroded by ex-

pected losses on the position. Sofianos (1996) tries to capture this notion with
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his spread and position revenue decomposition. In our notation, we can write the

revenue as

H =	 - TMP) + Q t It (Mt - TMPT),

where the first term is spread revenue and the second is revenue on the position.

As we can see, his measure of spread revenue is very similar to the effective spread

measure introduced above. Therefore the criticism of Franks and Schaefer (1995)

also applies for this decomposition, and it will therefore not be attempted here.

However, given the amount of erosion which is taking place it is pertinent to ask

whether the erosion is uniform across types of trade or whether, as would be the

case if market-makers act strategically, the erosion is particularly pronounced in

the case of potentially informed trades. This will be the focus of the next chapter.

5.6 Correlation among Revenues and Spreads

Average measures of spreads and dealer revenues do not provide information on

how the various measure covary across stocks. If the measures are highly correl-

ated they can be expected to reflect similar underlying phenomena. However, care

must be taken with the interpretation of such correlations. For example, measures

such as the quoted spread have very little variance (Reiss and Werner (1995)).

Furthermore, different measures have different temporal characteristics. Quoted

and effective spreads are contemporaneous measures whereas realized spreads and

revenues have a transaction and calendar time component to them. Spreads also

exhibit well-documented intertemporal patterns which are not captured by our

averages (see Abhyankar et. al. (1997)).

We know from previous sections that some factors, such as price level and turnover,

are likely to have an impact on all spread measures. Therefore, we have to filter

out these effects before examining the correlations among the different measures.

Thus, we first estimate five cross-sectional regressions (compare Menyah and
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Paudyal (1996)):

= co + ü 1 Vo1ati1ity + a2 Vo1ume + c 3 Price + ü 4 NUM 1 + ,	 ( 5.3)

where y denotes individual quoted half-spread, touch half-spread, effective half-

spread, realized half-spread, and average revenue margin (all figures measured

in basispoints) in stock i, respectively, and the other variables are as previously

defined. We then examine the correlations among the residuals of these five re-

gressions. The results are set out in Table XXVIII

Correlations among the spread measures are generally quite high, ranging from

0.96 to 0.72, and reliably different from zero. This suggests that easily observable

spread measures, such as the touch spread, may provide good proxies for the more

relevant execution cost measures such as the effective and the realized spread. In

general, our correlation estimates are much higher than those reported by Petersen

and Fialkowski (1993), who find a correlation between posted and effective spreads

of below 0.1 for a large sample of U.S. stocks.

Of particular interest are the correlations between the spread measures and the

average revenue margins earned by market makers. These correlations are much

lower, ranging from only 0.05 to a maximum of 0.24. None of these correlations

is significantly different from zero, however. Interestingly, the highest correlation

is observed between the realized spread and the revenue margin, suggesting that

the realized spread best captures the amount dealers charge for the provision of

immediacy.

5.7 Concluding Remarks

In this chapter we computed and compared various measures of execution costs,

such as quoted, effective and realized spreads. By comparing effective and realized

spreads we find that roughly 15 17% of the effective spread in our sample is due to

adverse selection cost, and that this figure is significantly higher, for ADR listed
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stocks, consistent with the notion that additional private information is produced

in ADR trading.

We compare our spread measures to market maker revenue margins computed

from market maker trading records, and find spreads to be much larger than the

overall average margin earned by market makers, which is only about 3 basispoints

and indistinguishable from zero.

Finally, we investigate correlations among the different spread measures and mar-

ket maker revenue margins. We find high correlations among all the spread meas-

ures, indicating that easily observable measures such as quoted spreads are good

proxies for effective and realized spreads. Correlations between spread measures

and margins are small and statistically indistinguishable from zero. The highest

correlation is observed between the realized spread and the average margin, in-

dicating that the realized spread goes some way towards capturing a dealer's

revenue.
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Quoted Touch Effective Realized

1.50
1.50
2.50
1.50
1.50
3.50
2.02
2.16
2.50
3.27
2.50
2.00
3.50
2.08
3.50
2.50
2.00
1.01
3.17
2.00
2.50
5.00
2.58
5.00
2.50
2.50
5.00
2.50
3.50
2.50
2.66
2.28
2.82

0.85
0.67
1.74
1.04
0.88
2.25
1.16
1.57
1.57
2.34
1.49
1.56
2.32
1.48
2.70
2.01
1.41
0.59
2.47
1.52
1.89
3.59
2.08
3.17
1.92
1.99
3.21
1.67
2.44
1.72
1.84
1.47
2.00

0.76
0.61
1.48
0.93
0.75
1.99
1.06
1.40
1.36
1.95
1.24
1.28
2.00
1.14
2.15
1.61
1.17
0.51
2.12
1.20
1.56
3.09
1.69
2.54
1.49
1.57
2.69
1.45
2.13
1.35
1.54
1.26
1.66

0.44
0.51
1.42
0.79
0.72
1.90
0.61
1.26
1.30
1.71
1.20
1.06
1.85
1.18
1.40
1.53
0.92
0.46
1.57
1.00
1.42
2.61
1.48
2.22
1.29
1.42
2.65
0.65
1.67
1.29
1.32
1.00
1.45

Table XXII : Half-Spread Measures (in pence)

Stock

British Telecom
Hanson
Barclays
Marks & Spencer
General Electric
RTZ
British Airways
Boots
Cadbury Schweppes
Royal Insurance Holdings
Tate & Lyle
Sun Alliance Group
Land Securities
Dixons Group
Standard Chartered
Legal & General GP
Royal Bank of Scotland
Smith & Nephew
Commercial Union
Guardian Royal Exchange
Tom kins
Siebe
GKN
Kwik Save Group
Willis Corroon
Sedgwick Group
RMC Group
NFC
Dalgety
Associated British Foods
Sample Average
ADR Stocks
Non-ADR Stocks
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Quoted Touch Effective Realized

44.1
70.4
68.4
49.5
73.5
63.5
83.9
48.6
56.5

140.7
62.8
68.6
78.6
89.8
80.8
67.3

115.3
70.2
68.6

149.1
56.8
86.3
76.1
85.7
98.7

115.7
87.8

104.8
90.9
56.6
80.3
78.4

24.9
31.7
47.7
34.3
43.1
40.9
48.3
35.3
35.5

100.2
38.2
53.5
52.0
67.0
62.3
54.0
81.3
40.9
53.5

113.1
42.9
61.7
61.0
54.3
75.9
92.2
56.2
69.9
63.6
38.9
55.8
50.7
58.0

22.4
28.4
41.3
30.1
36.4
35.5
42.9
31.2
30.6
87.8
31.6
44.7
45.2
51.1
49.1
43.4
65.8
34.9
45.8
90.3
35.0
51.3
48.8
43.3
59.0
72.6
46.9
59.2
55.4
30.8
46.4
42.8
47.9

12.5
23.5
38.0
26.4
35.5
33.6
25.6
28.7
29.9
69.5
30.3
35.1
40.7
50.6
33.4
39.7
51.6
32.2
33.6
70.3
33.3
44.6
41.8
37.6
48.9
63.1
44.5
28.5
43.0
28.3
38.5
32.4
41.1

Table XXIII : Half-Spread Measures (in basispoints)

Stock

British Telecom
Hanson
Barclays
Marks & Spencer
General Electric
RTZ
British Airways
Boots
Cadbury Schweppes
Royal Insurance Holdings
Tate & Lyle
Sun Alliance Group
Land Securities
Dixons Group
Standard Chartered
Legal & General GP
Royal Bank of Scotland
Smith & Nephew
Commercial Union
Guardian Royal Exchange
Tom kins
Siebe
GKN
Kwik Save Group
Willis Corroon
Sedgwick Group
RMC Group
NFC
Dalgety
Associated British Foods
Sample Average
ADR Stocks
Non-ADR Stocks
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Table XXIV : Size Dependent Spreads (Summary)

We run the following regression for each stock:

log(P/ Pg_ 1 ) 3 1 D + /32 DQ + (a + 33 D_ 1 + i34 D_ 1 Q_ 1 ) + t

If market-makers simply capture the spread, the naive forecast of market-maker

revenues is equal to:

/3iPjQg +I32>2PtQ,

where the summation is over all trades between the public and market-makers. To

get a margin figure we divide this figure by volume (without/including inter-dealer

trades).

Halfspread at zero size (3 i ; bp)

Premium at average size (,32Q; bp)

"Forecast" Profit/Public Volume (bp)

"Forecast" Profit/Total Volume (bp)

Mean	 S.D.

46.1	 13.99

	

-0.81	 0.84

	

34.7	 13.9

	

26.8	 11.7

Range

(22.7, 81.0)

(-2.66, 0.86)

(13.4, 87.9)

(10.9, 72.5)
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Table XXV : Size Dependent Spreads
We run the following regression for each stock:

log(Pt/Pt _ i ) = /3 1 D + /32 Dt Q t + ( + /3D_ 1 + /i4 Dj _ i Q t _ i ) + i

If market-makers simpl y capture the spread, the naive forecast of market-maker revenues
is equal to:

/3iPgQj+/32>PtQ,

where the summation is over all trades between the public and market-makers. To get a
margin figure we divide this figure by volume (without/including inter-dealer trades).

Margin on
Stock	 j3	 /32Q	 Public	 Total

Volume
British Telecom	 22.68	 -0.05	 19.3	 13.9
Hanson	 28.26	 -0.22	 20.6	 15.8
Barclays	 42.73	 -0.34	 34.9	 25.1
Marks & Spencer	 31.67	 -0.02	 31.0	 23.2
General Electric	 38.90	 -0.26	 25.5	 20.5
RTZ	 36.21	 -0.22	 32.1	 23.0
British Airways	 41.58	 -0.50	 31.2	 22.3
Boots	 31.79	 -0.16	 28.7	 19.4
Cadbury Schweppes	 32.36	 -0.16	 29.1	 21.4
Royal Insurance Holdings	 76.33	 -0.27	 46.7	 38.6
Tate & Lyle	 34.77	 -0.48	 28.3	 20.0
Sun Alliance Group	 39.81	 -0.46	 30.7	 25.0
Land Securities	 44.69	 -0.49	 35.3	 25.4
Dixons Group	 59.93	 -0.02	 59.8	 45.1
Standard Chartered	 48.37	 -1.98	 33.4	 25.2
Legal & General GP	 44.47	 -1.13	 32.4	 24.9
Royal Bank of Scotland	 61.75	 -1.13	 27.9	 20.4
Smith & Nephew	 36.49	 -0.48	 29.3	 22.7
Commercial Union	 45.46	 -0.84	 30.8	 23.4
Guardian Royal Exchange	 81.04	 -1.38	 53.9	 45.1
Tomkins	 38.67	 -1.08	 21.4	 15.8
Siebe	 52.72	 -2.66	 32.7	 26.1
GKN	 52.34	 -0.62	 43.2	 32.9
Kwik Save Group	 43.87	 -2.56	 25.6	 21.6
Willis Corroon	 54.54	 -2.31	 38.0	 28.8
Sedgwick Group	 69.30	 0.86	 87.9	 72.5
RMC Group	 47.3	 -0.86	 39.1	 31.5
NFC	 59.46	 -0.94	 41.0	 32.1
Dalgety	 54.65	 -1.69	 37.5	 31.4
Associated British Foods 	 32.72	 -1.97	 13.4	 10.9
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Table XXVII : Distributions of Revenue Margins
This table contains the main distributional features (mean, standard deviation, minimum
and maximum) of active market maker revenues for individual stocks.

Stock

British Telecom
Hanson
Barclays
Marks & Spencer
General Electric
RTZ
British Airways
Boots
Cadbury Schweppes
Royal Insurance Holdings
Tate & Lyle
Sun Alliance Group
Land Securities
Dixons Group
Standard Chartered
Legal & General GP
Royal Bank of Scotland
Smith & Nephew
Commercial Union
Guardian Royal Exchange
Tom kins
Siebe
GKN
Kwik Save Group
Willis Corroon
Sedgwick Group
RMC Group
NFC
Dalgety
Associated British Foods

Mean

29.6
11.0

-3.5
10.5
18.3

1.3
-23.4
-2.2

-18.4
-32.2

20.6
-17.3

7.9
-4.0
-4.9
-1.5
37.4
10.5
0.8

-8.8
-38.7
-15.8

5.4
3.2

116.6
15.5

-23.7
5.7
6.8

-32.5

Std.Dev.

26.3
18.4
32.4

8.8
25.1
8.3

62.0
28.0
27.4
46.5

108.6
21.1
30.7
19.5
21.0
21.1
39.2
15.3
20.7
34.3
53.8
25.4
8.9

20.1
168.8

15.7
20.4
11.4
22.8
31.1

Minimum

-5.5
-9.3

-56.5
-0.2
-4.4

-12.1
-121.7
-42.8
-54.0

-122.7
-147.3
-54.6
-28.3
-28.1
-47.5
-31.3

9.7
-5.0

-42.5
-70.8

-141.3
-56.3
-7.7

-20.8
-20.1

4.9
-55.0
-6.3

-26.4
-81.5

Maximum

61.6
46.4
53.4
23.8
73.0
15.2
86.4
31.9
11.8
25.4

213.2
6.8

55.3
22.2
14.2
39.5

121.4
42.2
20.0
26.9
8.6
9.2

15.2
43.6

509.5
52.4
-2.9
17.8
41.5
-7.3
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Spre&l Measure

Individual

Table XXVIII : Correlations Between Spreads and Revenue Margins
The table shows Pearson Correlation Coefficients and the probability of observing the
coefficient under the null of zero correlation in parentheses.

Touch

Effective

Realized

Revenue

Individual

1.00

(0.00)

0.87

(0.00)

0.96

(0.00)

0.84

(0.00)

0.14

(0.19)

Touch

0.87

(0.00)

1.00

(0.00)

0.90

(0.00)

0.72

(0.00)

0.05

(0.79)

Effective

0.96

(0.00)

0.90

(0.00)

1.00

(0.00)

0.78

(0.00)

0.13

(0.49)

Realized

0.84

(0.00)

0.72

(0.00)

0.78

(0.00)

1.00

(0.00)

0.24

(0.20)

Revenue

0.14

(0.19)

0.05

(0.79)

0.13

(0.49)

0.24

(0.21)

1.00

(0.00)
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Chapter 6

Strategic Trading By Market

Makers

6.1 Introduction

Do dealers act strategically? Much of the literature on dealership markets assumes

that dealers set prices which fully reflect all information in the order flow. Yet

if order flow does contain valuable information one might expect dealers to use

that information to make money on their own account and to avoid revealing

all their information through their quotes. In other words, dealers would use

the information they have by virtue of their position in the market in a strategic

fashion and would set their prices in such a way as to maximize their expected

profits over time. They would not, as is commonly assumed in much of the

academic literature, generally set their quotes equal to their expectation of the

value of the share.

This chapter looks more closely at the revenues made by market-makers on the

LSE to test what happens in practice. We present evidence that dealers do act

strategically, and that they deliberately accept losses on some trades in order to

make superior revenues on others.
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Glosten and Milgrom (1985), in their influential model of a dealership market, take

as a primitive assumption that the dealer sets prices so as to make zero expected

profit on each trade. The dealer sets her quotes equal to her expectation of the

value of the share conditional on the next order being a buy or a sell. She does not

act strategically. She either has no private information or else she is assumed to set

prices which fully reveal it. In justifying this assumption Glosten and Milgrom

(1985) argue that (unmodelled) competition drives the dealer's quotes to her

reservation price levels. They conjecture that a model of explicit Bertrand-style

competition among the dealer and floor traders and/or other specialists in which

no single agent's refusal to trade would ever lead to cash or security shortages,

or analogously, a model in which the dealer had unlimited costless inventory and

cash holding capacity, would yield a result similar to their assumption. Much of

the subsequent literature (see, for example, Easley and O'Hara (1987,1992) and

models based on Kyle (1985)) has adopted similar assumptions.

One notable exception is Glosten (1989). In this paper Glosten shows that, under

conditions of severe informational asymmetries, a monopolistic specialist might

be better able to keep the market open than competitive market makers. This

result arises because the monopolist is only concerned with her overall profit,

unlike the competing market makers who drive the expected profit on each trade

to zero, and can therefore price discriminate between large trades, on which she

expects to make losses, and small trades, on which she expects to make positive

profits. In other words, Glosten's specialist acts strategically to maximize her

profits. The paper by Leach and Madhavan (1993) is based on a similar idea.

In their model, the single dealer deliberately induces informed order flow in early

periods in order to make superior profits later on.

Both these models are based around single dealer markets, and one could argue

that they are mainly driven by the monopoly position and market power of the

dealer. A two-period model by Madhavan (1995), however, shows that similar

empirical predictions arise in a fragmented market with several dealers. He shows

that, in a market fragmented by non-disclosure of quotes and recent transactions,
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even competing dealers will "pay trader.c for order flow" in the initial period,

thus making expected losses, which they recoup in second period trading. We

argue that LSE (and indeed many other dealership markets) is fragmented in

Madhavan's sense and our empirical work can thus be seen as a test of his model.

Dealers normally do have information which is not publicly available. In many

dealership markets (most over-the-counter markets, for example) trade publication

is neither prompt nor comprehensive. Dealers will tend to have better information

than the individual market participants about what trades have taken place and

at what prices. Even where trade prices and quantities are published promptly

there is much information available to the dealer which is not made public. For

example, if trades take place through negotiation the dealer will get some sense of

the urgency of the transaction, how sensitive the investor is to price, and whether

further orders are likely to be forthcoming from the same source. Even where

the trade is done through brokers, the dealer may learn about the identity of the

investor and about their motivation. This information puts dealers in a privileged

position relative to other traders.

If dealers do know more than other investors, the question then arises as to how

they make use of that information. They may not always be able to use the

information to make money. If the only way a dealer can alter her inventory is to

change her quotes then any attempt to trade on the information is likely to reveal

it before she can trade on it. But in many markets it is possible for a dealer

to trade on her information; she may seek out counter-parties directly; she may

trade at negotiated prices rather than at quoted prices; she may deal with other

dealers. If she can trade on her information she may be able to act strategically.

She can take on trades which she knows to be unprofitable in themselves in order

to get information which she can then exploit on her own account.

If this kind of strategic behavior does occur on a significant scale it would materi-

ally effect our understanding of the economics of dealership markets. The price at

which a given trade is clone could not he equated with the dealer's valuation of the

share given the trade. Trades which are known to carry more information would
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not necessarily attract wider spreads. If investors can sell their information to

dealers as well as trade on it themselves then the incentives to gather information

will be increased. These issues are modeled in a paper by Naik, Neuberger and

Viswanathan (1994).

A related empirical paper is Aitken, Garvey and Swan (1995). They present

evidence from the Australian Stock Exchange, which indicates that broker-dealers

who make profits (sustain losses) from princiial trading with long-term clients,

charge those clients lower (higher) brokerage fees on all their trades. They argue

that broker-dealers, who are willing to take trades from long-term clients onto

their inventory at all times, might be willing to do so at below fair value prices

in return for continued business.

The question which this chapter seeks to address is whether strategic behavior

by dealers is important in practice. The LSE has a number of features which are

particularly conducive to the type of strategic behavior we wish to investigate.

Private information is likely to be more significant in equity markets than in

bond markets where cash flows are fairly well known or in currency markets

where traders are less likely to be preferentially informed. On the LSE order

flow is rather concentrated so the most important dealers see a large proportion

of the order flow (see Chapter 2). Dealers do have private information about

transactions which have taken place; as explained in Appendix A, details of large

trades (amount, price) were published only after a delay of 90 minutes during

our sample period. Trades are negotiated over the telephone so market-makers

doing a deal or being asked for a price get more information than is contained

in the ticker. Most of the order flow is institutional and is concentrated among a

relatively small number of players so the market-maker can draw inferences from

orders.

We seek to find evidence of strategic behavior by looking at the source of market-

maker revenues. Market-makers have very few constraints on their prices. Their

quotes are firm up to the size which they have chosen to quote. But they are

free to alter their quotes at any time; there is no restriction on their spreads;
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they can and do negotiate prices which are better than their quotes. They can, if

they wish, act fully in accord with classical models of dealership markets and set

prices for each trade which equate to the expected value of the share given the

trade. They can incorporate a premium for risk and for the costs of carrying out

the transaction.

If they do act in this way this would be reflected in the profitability of differ-

ent types of trade. Whichever ex ante criteria one used for categorizing trades,

one would find that profitability levels would be broadly siniilar across different

types of transaction. One would not expect to see any types of trade being actu-

ally unprofitable, apart possibly from those trades which reduce the dealer's risk

exposure.

But if strategic behavior is significant one would expect substantial cross-subsidy

across types of transaction. In particular trades which the market-maker has

reason to believe are informed would appear to be less profitable than other trades

("appear" because the loss on the trade itself would be offset by subsequent

trading on own account).

We test for strategic behavior by identifying certain trades as particularly likely to

be information motivated;' we then test whether they are more or less profitable

than other trades. To do this we need criteria for identifying informed trades.

Easley and O'Hara (1987) provides some useful insights. In their model the dealer

observes a sequence of trades and draws inferences about whether there is private

information in the market and if so what the information is. The probability of

a particular trade being informed depends both on its size (a large trade is more

likely to be informed than a small trade) and its direction relative to the preceding

order flow (a trade which is in the same direction as the aggregate order flow to

date is more likely to be informed than one in the opposite direction). Madhavan's

(1995) analysis is also along the lines of Glosten and Milgrom (1985) and Easley

and O'Hara (1987, 1992). Also in his model, informed traders and large liquidity

'Clearly the identification must he done e.r ante. All models would predict that trades which
are subsequently identified as informed are likely to be loss-making from the dealer's perspective.
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traders will always trade on one side of the market, confirming our choice of

criterion. Both these observations seem to he plausible and robust to the choice

of model. We therefore build on them in this chapter to devise a criterion which

we can use empirically.

We posit that a dealer who wishes to minimize her exposure to informed order

flow would operate with very strict position limits. In this way she would avoid

having substantial inventory positions. She would not transact any large orders

and she would not take trades which were all in one direction. If dealers expect to

make the same margin on every trade, this position limit strategy would be just as

profitable as its complement. But if dealers do act strategically one might expect

to see a significant difference in the profitability of the two trading strategies.

Indeed, if dealers are keen to get information, they may set their prices to attract

informed order flow. One might then observe that dealers make lower revenues

or even actual losses on large orders and orders which exacerbate an inventory

imbalance and higher revenues on the position limit strategy.

Our empirical analysis supports the thesis that dealers act strategically. We find

that the position limit strategy would have been more profitable than doing all the

trades. The complementary trades seem to be actually loss-making on average.

Strategic behavior is not the only possible reason for this observation. The ana-

lysis of profitability looks only at gross trading revenues; it takes account neither

of order processing costs nor of risk. Risk cannot account for the observation;

the position limit strategy is less risky as well as more profitable than its com-

plement. Order processing costs may provide a partial explanation. The position

limit strategy involves a disproportionately large proportion of small trades, and

processing costs per share are much greater for small trades. But processing costs

cannot account for the fact the complementary trades are actually unprofitable

before taking account of costs.

Another possible explanation is that dealers simply act unwisely and do not real-

ize that some trades are unprofitable. This seems to be the implication behind
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the comment in Hasbrouck and Soflanos (1993) that 'NYSE specialists are good

short-term traders but undistinguished long-term speculators". Yet if that were

the case one would expect to find that dealers who took more of these appar-

ently unprofitable trades would make lower revenues. Our evidence suggests the

opposite, which is again consistent with the thesis that dealers are doing these

"unprofitable" trades in order to get some benefits for their other trades.

We therefore reject the hypothesis that market-makers seek to achieve a similar

level of profitability on every class of transaction. We find evidence that they take

trades which they know on average are likely to be loss-making, but that they do

this as a way of enhancing their overall profitability. While other interpretations

are possible, the evidence presented here adds credence to the view that market-

makers deliberately attract informed order flow in order to be able to make greater

revenues on other trades.

6.2 Decomposition of Revenues

In order to understand more about the economic behaviour of market-makers, we

want to investigate the composition of their gross trading revenues. We are par-

ticularly interested in evidence of strategic behaviour - i.e., of deliberately taking

on certain trades not because they themselves are expected to be profitable, but

because they enable the market-maker to make more money on other trades.

There are problems in decomposing trading revenues in a way which is significant

economically. We saw in the previous chapter that market makers only keep a

small fraction of the bid-ask spread. It is tempting to interpret this as eviden-

ce that market-makers make money out of order-matching and lose it again by

position-taking. However, this interpretation is questionable. It is not true that

a market-maker who has no aspirations to take positions will be able to retain

the bid-ask spread. The dealer in Glosten and Milgrom's (1985) model does not

seek to take positions, hut makes zero expected profit despite charging a bid-
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ask spread. The argument is invalid because the margin decomposition does not

correspond to any feasible trading strategy!

Hasbrouck and Sofianos (1993) attempt to distinguish between order matching

and position taking by carrying out a spectral analysis of dealing revenues. High

frequency components are regarded as related to market-making activity while

lower-frequency components are due to position taking. This approach is innov-

ative and suggestive, but it is not clear that there is any strategy which would

give the dealer the high frequency component without the low frequency compon-

ents. Sofianos (1996) builds on Hasbrouck and Sofianos (1993), and decomposes

the spread into position spread components. This method relies heavily on the

quoted midprice as an estimator of the asset's true price. It is not clear whether

the touch midpoint on the SEAQ system actually fulfills this requirement very

well. As has previously been documented,2 touch spreads are wide and do not

accurately reflect prices at which transactions take place (compare the evidence

on spreads in the previous chapter).

We, therefore, follow a different approach. We assume that a market-maker is free

to accept or reject each trade as it comes along, and look at the revenues generated

by different strategies. A strategy is just a rule for deciding which trades to do

and which trades not to do. An example of a strategy is to do only those trades

which fall within a certain size range. The only restriction on a strategy is that

the rule can only depend on information which exists at the time of the trade.

A strategy defines a set of transactions; call that set A and its complement B.

The strategy has associated with it revenue given by:

= >Qj I ( Pt —TMPT).
tEA

If we take the order flow of a particular dealer, we can conceptually divide the

orders between two books, an A-book and a non-A or B-book. By construction the

dealer's total revenue in a period will he simply the sum of his A-revenue and his

2see, for example, Reiss and Werner (1995).
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B-revenue. If we were able to define A-trades as those which the dealer believed

ex ante were most likely to be uninformed, and correspondingly B-trades would

be likely to be informed, we could draw some useful inferences about strategic

trading. For if market makers were concerned to set prices equal to expected

value (plus a fixed margin) given all their information, there seems no reason

why overall margin on the two types of trades should differ. If on the other hand

they act strategically, one might expect to find evidence of significantly different

margins. This approach requires us to find some means of identifying potentially

informed trades ex ante. We use the model of Easley and O'Hara (1987) to do

this. In their model the dealer does not know whether there is inside information,

but he draws inferences from the order flow. If there is private information the

informed trader will try to exploit it and can trade a large or a small quantity. In

general, the informed trader is more likely to trade in larger size than uninformed

traders. 3 Were this not the case, in equilibrium the bid-ask spread would not

increase with order size, and the informed trader would have a strong incentive

to place only large orders. The dealer updates her beliefs in the light of the order

flow. The more unbalanced the order flow (between buys and sells) the more

likely it is that there is some private information.

While the exact inference drawn from the order flow depends heavily on particular

features of the model (for example, the fact that all private information is revealed

by the close and all new private information is introduced at the outset), some

of the insights seem rather more robust, and we draw on them in defining our

strategies. In particular, consider the strategy followed by a dealer who wishes to

minimize the extent to which she deals with informed traders. She will do only

small trades. If there is a run of trades in one direction she will avoid trading in

that direction.

One strategy which meets these requirements and which is easy to define and

understand is a strict position limit strategy - a strategy followed by a dealer

3The model has two equilibria, a "pooling" and a "separating" equilibrium. Informed traders
prefer to trade in large size in both, but may also trade in small size in the pooling equilibrium.
In either equilibrium they will only trade on one side of the market.
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with strict position limits who takes all those trades and only those trades which

allow her to stay within her limits. More formally, suppose initially that there is

just one actual market-maker in the stock. We will divide all her trades between

two books, A and B. Suppose that book A has a position limit L and the inventory

in book A before trade t is I, then:

If I I + Q D I < L then t E A and I^ = j4 + Q, D,

otherwise t A and	 =

where A is the set of trades done in 1)00k A, and D1 denotes the direction of trade

t. Initial inventories are set equal to zero.

Under this strategy hook A is an order-matching book; it does not do any large

trades and never takes large positions. The complementary strategy is easy to

define. It consists of all B-type trades where:

tEBtcA.

The B-book will take all the large trades and will involve substantial position

taking.

To see how this would work in practice, suppose that the trading records show the

following sequence of trades (positive means public buy, negative means public

sell; volumes measured in thousands of shares):

+9 +8 —12 +32 +4 +5

Suppose also that book A has a position limit of 10,000 shares. Since book A

starts with zero shares, the first trade leads A to being short 9,000 shares. Book

A cannot accomodate the second trade since it would lead to a short position of

17,000 shares, so the trade is booked through B. The third trade can be acco-

modated within A's limits, and so on:

Trade	 +9 +8 -12 +32 +4 +5

0	 -9 -9 +3	 +:3	 +8

0 0 +8 +8 +40 +40

Bookedto A B A B	 A	 A
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So far the position has been described as if there were just one market maker

in each stock. There are, of course, many market-makers, and that leads to

two alternative definitions of A- and B-trades. One possibility is to distinguish

between A trades and B trades on a market-maker by market-maker basis. So if,

for example, market maker 1 happens to get a lot of public buy orders, book 1 A

will hit its short position limit and subseciuent public buy orders to market maker

1 will be done on book lB. This will he the case even if public order flow overall

is quite balanced and market maker 2 happens to be getting a lot of public sell

orders at the same time.

The alternative is to recognise that market makers actually have more information

than just their own order flow. They can observe the ticker, (albeit with some

delay for large trades), they deal with other market makers directly and through

the 1DB screen, and they get quote requests which do not lead to trades. They are

likely, therefore, to know much more about the aggregate order flow than merely

what their own trades are. If we take an extreme interpretation and assume

that they know the entire order flow, then the definition of an A-trade should be

based on all A-trades to date, and not just those A-trades which that particular

market maker has transacted. This aggregated approach looks as if it captures

rather better the notion of a potentially informed trade; it does suffer from the

disadvantage that it may not be implementable in practice since the individual

market maker does not know all the trades which have taken place.

Both these alternatives have an important role to play in elucidating the economic

function of the market-maker. If we have captured the notion of informed and

uninformed through our A-trades and B-trades, then the collective definition a!-

lows us to test whether margins differ for informed and uninformed trades. If

they do (and we present evidence to that effect) the individual definition allows

us to test whether the lower margin on informed trades is linked to the lack of

transparency of order flow, or whether it is something that market makers either

cause to happen or at least allow to happen.
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6.3 Evidence on Differential Margins

The first question we wish to address is whether margins are similar for different

types of trade. To test this we divide trades according to the following procedure:

For each trade on the transaction record, we note the market-maker. We look

at the net volume of A-trades she has done to date (her A-inventory). We ask

whether doing this trade would breach the inventory limit. If so, the trade is a

B-trade; otherwise it is an A-trade. The inventory limit for every market-maker

is 10% of daily public trading volume in that stock. Whether a trade is an A-

trade or a B-trade is now something which depends only on information which

would have been available to the market-maker doing the trade. We aggregate all

A-trades by all market-makers in a stock and also all the B-trades and look at

their profitability. The results are shown in Table XXIX . On average market-

makers make 13 basis points on A-trades and lose 3 basis points on B-trades.

Furthermore, the average profitability of A-trading is significantly positive. This

test refutes the null hypothesis that margins across different trade types (defined

according to individual inventories) are similar.

Following our discussion above, we would like to check whether the picture changes

if we define the trade types according to collective inventories. In doing that we

will have covered the two possible extreme cases of "no knowledge" and "perfect

knowledge" of competitor's inventories.

We now define the strategies looking at market-makers in a stock collectively.

That is to say we set a position limit equal to 10% of daily turnover in the stock

and, taking all trades involving market-makers, determine for each one whether it

is an A-trade or a B-trade, ignoring which particular market-maker actually does

the deal. Again, our null hypothesis is that expected margins on different types

of trade is similar.

The results are set out in Table XXX . The table shows that 55% of trades by

volume are A-trades. Market-makers earn revenue of 15.4 basis points on these

trades. This is significantly greater than zero. In only one share out of 30 is A-
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trading unprofitable. By contrast, B-trading on average makes a loss of 8.5 basis

points. This is not statistically different from zero at conventional significance

levels. B-trading is unprofitable in 18 stocks out of 30. There are only 8 stocks

in which B-profitability is higher than A-profitability.

We test the null hypothesis by seeing if the mean margin on A and B trades

is the same; using a t-test we reject the hypothesis at the 1% level. 4 A-trades

have a significantly higher margin than B-trades. A-trades also appear to be

less risky than B-trades as shown by the much lower standard deviation. This

is not surprising as the B-strategy involves taking much larger positions. So

the difference in margin cannot be explained by differences in risk; rather the

differences in risk make it more difficult to reconcile differential margins with

traditional views about market-maker behaviour.

6.4 Explanations for Differential Margins

Why do market-makers do B-trades when they have low, possibly even negative

margins? Why do not all market-makers confine themselves to the higher margin

A-trades? Presumably they derive some benefits for doing these trades. Either

these benefits accrue in their market-making activity, or they arise outside. An

example of the former is the information story - B-trades carry more information,

and this information helps the market-maker make money elsewhere. An example

of the latter is the idea that firms are prepared to make markets in equities at a

loss because it enables them to get lucrative equity issuance business, for example.

We can distinguish between these two types of explanation empirically. The latter

implies that market-makers who do more B-trades (which are low margin) and

fewer A-trades will have lower overall margins. The former explanation implies

4The choice of the position limit is important. If we set the position limit to 100% of daily
volume rather than 10%, the proportion of B-trading is so small (7%) and the revenue figure so
erratic (a mean loss of 37 basis points with a standard deviation of 326 basis points) that we
can no longer reject the 1)1111 hypothesis.

161



that the losses on B-trades will be compensated by market-making profits on other

trades.

We therefore test the hypothesis whether there is a positive relation between the

proportion of A-trades and the level of margin.

Cross-sectional tests across market-makers only have power if market-makers do

indeed have very distinctive styles. Unfortunately, using our previous definition

of A- and B-trades, there is little difference in style between market-makers. The

standard deviation in the proportion of A- and B-trades between market-makers

in the same stock is only 6.7%. Differences in style become more pronounced as

the inventory limit is raised. But as we raise the limit from 10% to 100% of daily

volume the proportion of B-trading falls to zero in some stocks. We therefore

decided to set different limits for each stock.

The procedure we use is as follows: we use the order flow figures in the first three

months of the period to determine the position limits which ensure that 10% of all

volume in that particular stock is B-trades. We then use that limit to define A-

and B-trading in the following three months. We compute for each market-maker

the proportion of trading volume which consists of A-trades (PropA), and the

profitability of their A-trades, B-trades and overall profitability.

There are a number of other factors which are likely to have and impact on

profitability, including

• inter-dealer activity (1MM). If public trading makes money and inter-dealer

trading is neutral in aggregate, then a market-maker's revenue as a pro-

portion of her turnover ought to decline as the proportion of inter-dealer

trading rises;

• average trade size (SIZE). Some order processing costs are fixed, so one

might expect spreads to be higher on smaller orders. To allow for this, we

defined a size variable equal to the ratio of the average size of trade done

by the market-maker to the average size of all trades in the stock;
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. market share (MarkShar). If there are economies of scale in market-making,

profitability may depend on market share;

• the stock chosen (StockDummy). Profitability is likely to vary from stock

to stock, so we included dummy variables for each stock in the sample.

We run the following regression:

= 1 PropAtm + /321MM"' + 3 SJZEm + 4 MarkShar" + BsStockDummy + u

(6.1)

three times, with the dependent variable being overall profitability (ir1O), profit-

ability of the A-trades (iTm..4) and profitability of the B-trades (.mB). The results

are set out in Table XXXI.

The fact that the coefficient is negative and significantly so in the first regression

suggests that the higher the proportion of A-trading (or the lower the proportion of

B-trading) the less money the market-maker earns overall. The magnitude of the

coefficient seems plausible. For every percentage point increase in the proportion

of B-trades, the market-maker's average profit margin increases by 1.63 basis

points. This result rejects our hypothesis of no relation between the proportion of

A-trading and the level of margin and implies that market makers do loss making

B-trades because it helps them make money on other trades.

There are at least two possible explanations for this finding: customer loyalty and

information in order flow. Customers may expect market-makers to make "good"

prices both when it suits their book and when it does not. If market-makers

failed to make good prices on B-trades, customers would not bring them their

A-trades either. This is the customer loyalty story. An alternative explanation

is that B-trades carry information. The trades are lossmaking in themselves, but

they allow the market-maker to make larger profits on other trades.

It is hard to use the data to distinguish between these two explanations. One

interesting piece of evidence is the coefficient on 	 in the third regression. It
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shows that market-makers who do more B-trades make significantly more money

on their B-trades than do market-makers who do fewer B-trades. This is easy to

reconcile with the information story. It is not surprising if market-makers who see

a lot of the informed order flow make more money on both A-tracks and B-trades.

It is less obviously compatil)le with customer loyalty. Market-makers who tend to

avoid difficult trades large trades or trades which worsen inventory imbalance

- might expect to make lower losses on the difficult trades, and accel)t that they

will fail to make as much money on the easy trades.

Turning to the other coefficients in the regressions, the positive and significant

estimate for /32 in the first regression is unexpected; it suggests that a market-

maker's profitability is positively associated with the volume of inter-dealer trad-

ing she does. It is interesting that high levels of inter-dealer activity are negatively

correlated with the profitability of B-trades, though it would be wrong to read too

much into this given the level of the t-statistic. This relationship merits further

examination.

Market-makers who do larger trades tend to have smaller margins both overall

and in both categories of trade individually, as one might expect. The effect is

statistically insignificant, but if the estimate of /33 is correct it is economically

significant. It implies that a marketmaker who does trades of twice average size

makes 9 basis points less than one whose trades are average. Against an average

profitability of 2 basis points this is not negligible. The estimates of /9 4 suggest

that differences in market share have negligible power in explaining differences in

profitability.

6.5 Conclusions

In this paper we have shown that market-makers on the London Stock Exchange

retain only a very small fraction of the bid-ask spread on their trades. Gross

margin averages around than 0.03% of turnover; the figure is statistically indis-
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tinguishable from zero.

We find evidence that market-makers act strategically. We distinguished between

two types of trade: small trades with I)alanced order flow on the one hand, and

large trades or one-way order flow on the other. We find large differences in the

gross margins on the two types of trade. Margins on the former are consistently

positive whereas for the latter they are on average negative.

We explored why this should be. It cannot he explained by risk because the

less risky transactions attract a higher margin. We reject the idea that it is the

result of irrational behavior by market-makers, or that market-making firms are

motivated by perceived benefits outside the market-making area. Market-makers

who do more of these "unprofitable" trades are more profitable than those who

do not. We conclude that market-makers take on trades which they expect to

be loss-making because they expect to get some compensating advantage in their

trading activity.

We advance two possible explanations for the nature of those advantages: that

the trades carry information which the market-maker can exploit, and that doing

the trades breeds customer loyalty, and that loyalty delivers the market-maker

a stream of more profitable business. The fact that the more a market-maker

takes positions, the more profitable is his position-taking activity, suggests that

information effects probably have an important role to play.

Our findings are based on one particular market at one particular time. Further

work is needed to establish the robustness and generality of the results. But they

do suggest that the dealer's role in transmitting information is rather more subtle

than has traditionally been believed.
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Table XXIX : Profitability of A and B Trading (Individual Books)
Categories defined with reference to individual market maker books. The limit
imposed on book A is 10% of average daily volume in the stock. Margin figures
given in basispoints.

Non-ADR Stocks

38.8A-Volume/Total Volume (%)

A-Trading

Mean

Standard Deviation

t-statistic

Range

No. of Negative

B-Trading

Mean

Standard Deviation

t-statistic

Range

No. of Negative

All Stocks

41.6

12.91

34.12

2.05

(-41,+ 130)

8/30

-2.79

33.91

-0.45

(-72,+79)

19/30

ADR-Stocks

44.8

8.73

30.18

0.87

(-41,+130)

2/9

6.97

33.44

0.63

(-32,+79)

5/9

17.01

37.13

2.10

(-38,+ 129)

6/21

-10.26

32.34

-1.45

(-72,+47)

14/21
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Table XXX : Profitability of A and B trading (Aggregate Books)
Categories defined with reference to combined market maker books. The limit
imposed on book A is 10% of average daily volume in the stock. Margin figures
given in basispoints.

A-Volume/Total Volume (%)

A-Trading

Mean

Standard Deviation

t-statistic

Range

No. of Negative

B-Trading

Mean

Standard Deviation

t-stati stic

Range

No. of Negative

All Stocks ADR-Stocks Non-ADR Stocks

55.2	 63.3	 48.3

15.44
	

10.61
	

17.52

14.95
	

17.53
	

13.64

5.66
	

1.82
	

5.88

(-32,+47)
	

(-32,+26)
	

(+1,+47)

1/30
	

1/9
	

0/21

-8.47
	

7.90	 -15.48

49.78
	

81.90
	

27.15

-0.93
	

0.29	 -2.61

(-92,+170)
	

(-92,+ 170)
	

(-67,+30)

18/30
	

5/9
	

13/21
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Table XXXI : Regression of Profitability Against Market Maker Style

Dependent Variable	 7t0

-114	 -109	 -1803

(-2.0)
	

(-1.85)
	

(-2.4)

/32
	 +238

	
+257	 -941

(3.0)
	

(3.1)
	

(-0.9)

/33	 -8.6	 -6.3	 -67

(-2.0)
	

(-1.4)
	

(-1.2)

/34
	 81.8

	
144	 -645

(1.2)
	

(2.0)
	

(-0.7)

R2
	

22.2%	 -4.9%
	

40.0%

No. Observations
	 220
	

220
	

220

The following equation was run across all market makers:

= + /3 1 PropAm + 32 IMM m + 33SlZEm + fi4 MarkSharm + /357StockDurnmy
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Chapter 7

Concluding Comments

This thesis has presented a range of new and interesting empirical results intended

to enhance our understanding of the microstructure of markets in general and

multiple dealership markets in particular. It has contributed to a number of areas

within market microstructure, in particular to the literature on the importance of

inventory control, execution costs, and the strategic behaviour of dealers.

The results are based on a sample of transaction and quotation data for 30 active

stocks over a period of one year, and therefore one has to be cautious with sweeping

generalizations based on the evidence presented here. Fortunately, with current

computer technology and increasingly research-friendly exchanges, it should be

possible to substantially extend the sample size and horizon.

Our work can be extended in a number of ways. The two most interesting avenues

for further research seem to be the study of market maker portfolio inventories

and their use of overseas and derivatives markets.

One major shortcoming of the data is that market makers could not he identified
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stocks, effectively prohibiting the study of market maker portfolio 's. Fortunately,

the London Stock Exchange has been forthcoming with a new dataset which allows

this, and it will be exciting to explore inventory control behaviour on this aggregate

level.

Our results regarding stock market linkages between London and U.S. exchanges

are based on rather indirect evidence. It would be very interesting to examine

actual trading records of market makers in ADRs to directly study their use of

these markets in their market making function, for example as a tool for inventory

control, and what this implies for informational links between markets and their

consolidation. The same is true for derivative markets, such as the futures and

options market, where no direct evidence has been reported so far.

And since the Exchange will abandon the SEAQ trading system next October, and

replace it with a new, mainly order-driven system (initially for FTSE-100 stocks)

interesting comparisons regarding price efficiency, execution costs, liquidity etc.

between the two market structures should be possible, as detailed transaction

data become available from this new trading system,
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Appendix A: Market Structure of
the London Stock Exchange

Disclaimer

This chapter is intended to provide the reader with all overview of tile London Stock
Exchange as it operated during time period and for the stocks which we will analyze in
our empirical work!' Its primary intention is to make the reader familiar with the market
structure from which the data we analyze stems, in order to help future researchers in
their efforts to understand the nature of the data and to draw inferences from it. It does
not aim to give a fully comprehensive description of all aspects of tile Exchange and
its variety of trading systems, nor does it cover more recent developments, such as the
introduction of CREST and rolling settlement, wider availability of 1DB information, or
changes in the publication requirements, for example. Good sources for more recent and
detailed information regarding these issues, and in particular the new trading system
due to commence in October 1997, are the London Stock Exchange publications, such as
the Quality of Markets Quarterly, for example. Unless indicated otherwise, the figures
referred to in this chapter were taken from various issues of the Quality of Markets
Quarterly publications.

Introduction

London Stock Exchange (LSE) is both the national stock exchange for the UK and

the world's leading market-place for the trading of international equities. 2 The

Exchange's central activities are organising and regulating the UK central market

in securities as well as the international equity market in international securities,

'The sample period covered by our data ends on July 24, 1992.
2 1n the domestic market for trading securities, LSE has recently witnessed the emergence of

competition from alternative trading mechanisms, notably Tradepoint.
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performing the duties of the UK Competent Authority for Listing, and providing

settlement facilities for transactions in UK and Irish equities. LSE is a limited

company, owned by its members, who, in turn, are regulated by the Securities

and Futures Authority and the Security Investment Board. Four basic types of

securities are listed and traded on the Exchange:

. UK or domestic equities (ordinary shares issued iy UK companies)

• Overseas equities (ordinary shares issued by non-UK companies)

UK guts (securities issued by the UK government)

• Bonds or fixed interest stocks (usually issued by local authorities).

The Exchange runs markets for trading securities by providing the market struc-

ture, regulating the operations of the market, supervising the conduct of member

firms dealing in markets, publishing company news, and providing trade confirm-

ation and settlement services.

The current market structure for trading of domestic stocks was established on

October 27, 1986, when major changes, commonly known as "Big Bang", re-

volutionised the traditional trading system on London Stock Exchange. At the

same time, changes were also made to the structure of the Exchange. The most

important changes were:

• The single capacity system which separated member firms into brokers (act-

ing on behalf of clients but not allowed to take principal positions) and

jobbers (taking principal positions but not permitted to deal directly with

clients) was replaced by the current dual capacity system which allows mem-

ber firms to act as agents and take principal positions. Member firms can

register as market makers in a stock, committing themselves to making firm

buying and selling prices during market hours, and competing for order flow.

• Floor based, face-to-face trading was replaced with a computer based quo-

tation system (SEAQ) and transactions are now handled over the phone.

10



• Minimum scales of commissions were abolished. Members became free to

charge their clients commissions on a negotiable basis, competing with each

other in both price and services provided.

• Ownership of member firms was opened to outside corporations and voting

rights were transferred from individual menThers to member firms.

London is also the largest market in the world for trading non-domestic equities.

More foreign companies are listed in London than on any other stock exchange.

Like the UK equity market, the international equity market is organised as com-

peting market maker system, with market makers displaying their quotes on a

similar system, SEAQ-International.

Trading Process

For large stocks such as the ones we will analyze, the LSE operates as a quote-

driven telephone market with prices determined through the continuous setting of

quotes by competitive dual-capacity broker/dealers who are registered as "market

makers" in (typically) a number of stocks. Market makers quote firm, two-way

bid/ask prices and corresponding sizes on LSE's electronic bulletin board system

(SEAQ). They can continuously update their quotes and can observe the entries

made by each competitor.

Other members of the Exchange, e.g., brokers, who have access to this information

system, can initiate transactions on behalf of their clients by calling the market

makers and negotiating the exact details of the bargain over the phone, often ob-

taining improvements over the price/size quoted on the screen. When agreement

over a transaction is reached, both parties enter the necessary information into

LSE's computerized checking and settlement system. Typically, market makers

do not attempt to find counterparties for the trades they do, but take customer

orders into their inventories. The transaction is fully completed after clearing and
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settlement, which, during our sample period, took place according to London's

fortnightly account cycle.

In the calendar year 1992, the total turnover in the U.K. and Irish equities was

worth £433 billion consisting of 8.5 million transactions. With 254 business clays

in 1992, these figures amount to an average daily turnover of £1.7 billion, average

number of transactions of 33,500 per clay and an average trade size of £51,000.

Stock Exchange Automated Quotation System (SEAQ)

Market makers' firm bid and offer quotes are publicised via LSE's screen-based

SEAQ quote dissemination system. There is no physical trading floor. The SEAQ

screen displays a complete list of market makers who are registered in a stock and

their respective bid/offer quotes and corresponding sizes. The system determines

the best available bid and ask prices quoted by the market makers. Those two

prices are displayed on the "yellow strip" on the screen for that stock and the

spread between them is called the "touch". Up to three market makers can

be shown on either side of the touch. Their ordering is determined by strict

price/quantity/time preference rules. Only one pair of quotes is allowed per

market maker. 4 The SEAQ system also displays cumulative volume and prices of

the most recent transactions (subject to the publication rules explained below).

Figure 8.1 shows a snapshot of a typical SEAQ screen for ICI plc. The current

best market bid price is 745p and the best offer price is '75Op, i.e., the touch is

5p. In total, 18 market makers quote bid/offer prices, and six of them are on the

yellow strip.

Since Big Bang, the number of SEAQ market makers varied between 23 and 36.

In January 1990, there were 26 market makers, 3 of which were registered in more

then 1,000 equities, while 7 were only registered in less than 100. Twenty of the

3 Source: Quality of Markets Quarterly, London Stock Exchange Publication, Summer 1993.
4 Proposals made in March 1990 to introduce a "green strip" for small and retail sizes, and

thus reduce the cost of trading small deals, were not acted Upon.
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Figure 8.1: Snapshot of a SEAQ screen: ICI

26 were registered in alpha stocks, the remaining firms were only registered in the

less liquid, so-called beta and gamma equities.5

On average, there are about 50,000 quotes changes per day on SEAQ, 70% of

which result in a change of the best bid or ask prices. During the crash of '87,

quote changes peaked at 157,000 per day.

SEAQ Indicative Situations and Fast Markets

Under normal circumstances, market makers are required to deal at the prices

and sizes that they are displaying on the SEAQ screen. However, if computer

equipment fails, and quotes cannot be updated, this requirement is lifted. Thus,

when a market maker's own computer fails, her quotes are displayed on the screen

in red and have to be regarded as indicative. In case a LSE central computer

failure occurs, a "SEAQ Indicative" flash can be displayed on the screen and

no quote can be regarded as firm. Also, on very rare occasions such as the

Crash of '87, when market activity surges enormously, it might become physically

5 Quality of Markets Quarterly, Spring 1990.
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impossible for market makers to keep their screen quotes up-to-date. In this case,

the LSE's Market Controller can call a "fast market" if she feels that market

makers are forced to deal at stale prices or that market quality would be impaired

if such a declaration was not made. Any bargains dealt at unusual prices during

such periods are investigated by the Market Supervision Department of the LSE.

In all three cases, market makers are obliged to quote firm two-way prices over

the phone.

In the period between Big Bang and Spring 1989, fast markets had been called

seven times: four times during the crash of '87 and afterwards three times just

after the announcement of UK trade figures or base rate increases.6

Automated Execution (SAEF)

The SEAQ Automated Execution Facility (SAEF) came online on February 13,

1989. It permitted automatic execution of trades up to 1000 shares in alpha and

beta securities, and up to 5000 in some alpha securities. This was subsequently

changed to 10% of NMS with the introduction of the NMS classification system

in January 1991. All market makers are required to participate, paying for SAEF

equipment and receiving SAEF orders when eligible. 7 SAEF orders are automat-

ically routed to the market maker with the best quote. By staying outside the

touch, market makers have the possibility to avoid these trades. The '+' sign next

to a market maker's SEAQ quotation indicates that, although the market maker

may quote prices outside the touch (e.g., because she is quoting at larger than

SAEF size), she is willing to accept SAEF trades at the prevailing best quotes

during normal conditions.8

Agency brokers submit SAEF trades via a dedicated terminal. Because the ex-

ecution of SAEF trades uses the best price available on SEAQ, this facility is

6 Quality of Markets Quarterly, Spring 1989.
7see Clemons and Weber, 1990, Journal of Management lnforinatzon Systems, Spring 1990,

Vol 6, No 4.
8 Compare Figure 8.1.
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suspended during fast markets and SEAQ indicative periods.

A number of investment banks have installed their own, proprietary automatic

execution systems. Examples include BZW's BEST, NatWest's SHARE, and

Kleinwort Benson's TRADE. These are typically made available to brokers. Un-

der Stock Exchange best execution rules these transactions have to be conducted

at the touch or better prices, even when the market maker concerned is not quoting

that price on SEAQ.

Stock Exchange Alternative Trading System (SEATS)

The LSE lists a very large number of small companies. Inevitably, each of these

companies will only generate a small market turnover: the largest two mar-

ket value deciles of all companies listed generated about 92% of total customer

turnover (QMQ Summer 1992). The other stocks generally do not support the

competitive market maker system. Therefore, the LSE introduced two alternative

trading systems for less liquid stocks, a Company Bulletin Board in April 1992

and SEATS, which amends the Bulletin Board with a single market maker sys-

tem, in November 1992. In stocks where a market maker is willing to register,

SEATS offers a combination of a screen showing the current, firm, two-way quote

of the single market maker and a screen showing current public orders. The order

screen also displays company and recent trading information. Where a stock's

liquidity cannot attract a market maker, the system offers the order display screen

providing a central point for such business as there is. There exist some special

rules to ensure linkage between the market maker's quotes and the public orders.

In case a second market maker registers in a SEATS stock, it is transferred to

SEAQ.
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Market Opening

There is no formal opening procedure. Market makers are free to put quotes on

the screen from 8:00am. The mandatory quote period (i.e. the period during

which market makers must make their firm quotes available) is from 8:30am to

4:30pm.

Types of Orders

The only order form available in London is the market order. Orders are not

transmitted to the Exchange as such, but are negotiated privately between the

two participants and reported to the exchange upon completion. The bargain is

subsequently publicised to the market by the exchange, subject to the publication

rules. There is no public limit order facility. In its report from March 1990, the

Special Committee on Market Development (Elwes Committee) recommended the

introduction of a Central Limit Order System (CLOSE) for investors who do not

require immediacy or want to avoid the costs associated with immediacy. This

proposal was not accepted.

Traders who wish to buy or sell a basket of stocks negotiate terms directly with the

market makers. While such transactions are typically done at some premium or

discount to the midprice at the time, there is no formal procedure facility available

on the Exchange for either quoting prices on baskets or for trading baskets as a

unit.
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Order Execution

Investors are not obliged to execute their trades on the Stock Exchange. 9 Neither

do security dealers have to join the Exchange. Members and non-members are free

to directly trade with each other. However, all trades in U.K. equities which do

involve a meml)er of LSE are subject to the Exchange's reporting and surveillance

rules.

Orders placed by clients with brokers can be executed in a number of ways:

• The trade can be executed against a market maker.

• The broker-dealer may act as a principal and buy/sell from her own account.

• The broker-dealer acting as an agent can "cross" the order with another

client (or the client of another broker-dealer).

Roughly 85 to 90 percent of customer business by value is transacted by market

makers. This percentage has remained stable since the introduction of SEAQ.'°

The LSE's "Yellow Book" contains a set of rules and regulations to ensure investor

protection. The "best execution" rule demands that the customer gets the best

available price. In practice, this means that broker-dealers are obliged to ensure

that customers do at least as well in agency trades as they would if they had

dealt with a market maker, or that they get a better price in principal trades. If

broker-dealers are acting as principals they are required to indicate this to the

client.

During fast markets periods it is obviously difficult to ensure best execution. It

should be noted that the rule on best execution states that a member firm can

deal away from best prices if in the member firm's judgement it is to the best

advantage of the client to deal immediately.

9 Under the Financial Services Act, trading on an Regulated Investment Exchange (RIE) is
not obligatory.

10 Quality of Markets Quarterly, Spring 1989.
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Quoting and Trade Publication Requirements

Initially, at Big Bang, stocks were classified into three categories, according to

the nunther of market makers registered in them, their market value and turnover

level. These classifications determined which quote and trade publication require-

ments applied to the stocks. The exact rules are shown in Table XXXII

On January 14, 1991. this broad classification scheme was abandoned in favour

of a system based on customer turnover in a security over the previous 12 month

period, its so-called Normal Market Size (NMS).

The exact procedure for the calculation of NMS is as follows:

Normal Institutional Bargain in Number of Shares

- Average Daily Value of Customer Turnover x 2.5%
-	 Closing Midprice on End of Quarter

where

Average Daily Value of Customer Turnover

= Value of Customer Turnover in previous 12 month/250.

Table XXXIII lists the correspondence between the normal institutional bargain

in number of shares and the NMS band.

Quote Requirements

These requirements refer to market makers' quotations on SEAQ and consist of

obligations concerning Minimum Quote Size (MQS), for which the market maker

has to display bid and offer prices, and quote firmness rules.
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October 27, 1986 - January 13, 1991

Alpha:

Beta:

Gamma:

January 14, 1991 -

MQS:

MQS 5000 shares, cluotes displayed are firm

MQS 1000 shares, quotes displayed are firm"

MQS 1000 shares, quotes indicative but firm quote has

to be made over the phone. From February 2, 1987,

quotes in size larger than 1000 shares have to be firm.

NMS, quotes displayed are firm.

Inter Market Maker Business Requirements

These requirements relate to market makers' obligations to deal with each other.

October 27, 1986 - February 12, 1989

Market makers are obliged to deal with each other at their SEAQ quotes up to

the size quoted.

February 13, 1989 - January 12, 1991

Market makers are not obliged to make firm quotes to one another.

January 13, 1991 -

Market makers' quotes are firm to other market makers up to Minimum Quote

Size (MQS).
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Trade Publication Requirements

October 27, 1986 - February 12, 1989

Aiphas:	 All transactions published immediately (within 5

minutes of transaction).

Betas:	 All transactions published in next day's Daily Official

List.

Gammas:	 All transactions published in next day's Daily Official

List.

Exception:	 Beta and Gamma Stocks in Bid Situations, details of

which are published immediately.'2

February 13, 1989 - January 13, 1991

Aiphas: Transactions over £100,000 value published in next day's

Daily Official List, only trade size information imme-

diately, all other transactions published immediately

(within 3 minutes).

Betas: Transactions below £50,000 value published immedi-

ately, all other transactions published in next day's Daily

Official List.

Gammas:	 All transactions published in next day's Daily Official

List.

January 14, 1991 -

Stocks with NMS>2000:

Trades larger 3xNMS: Published within 90 minutes of transaction.

All other trades:	 Published immediately (i.e. within 3 minutes).

Exception:	 Agency crosses published immediately.

Stocks with NMS<2000: 	 Published in next day's Daily Official List.

Stocks in Bid Situations:	 Published immediately.

From December 13, 199:3 a new rule for trades larger than 75 NMS was introduced.
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It allowed delay of publication up to 5 business days or until 90% of the bargain

were laid off or hedged, whichever was earlier. On January 1, 1996 the 90 minute

publication delay was shortened to 60 minutes, while the limit was raised to trades

larger than 6 NMS.

Clearance and Settlement

The London Stock Exchange uses two-weekly (occasionally three-weekly) trading

accounts. All transactions taking place within one account period are normally

settled on the same day, known as Account Day. Usually, Account Day is the

sixth business day after the end of the account period. It can therefore take

between 6-15 business days (10-21 normal days) from the time of the transaction

until settlement.

The Exchange's central settlement system is called TALISMAN (Transfer Ac-

counting Lodgement for Investors/Stock Management) and was introduced in

1979. It provides all market makers with trading accounts in which to hold stock

being traded in the market. It is the electronic link between LSE, its member

firms, institutions and many others involved in the settlement process. The an-

nual value of transactions settled through TALISMAN reached £560 billion in

1993. TALISMAN also processes dividends, rights issues, takeover offers and

other corporate events.

The front end to TALISMAN is the Central Checking System, the Exchange's

Trade Confirmation Service. It checks the validity of transactions entered by the

two participants in a trade and matches them into a 'matched' bargain. If the

trade was between a member firm acting as principal and a customer, then the

principal has to enter the details for both sides. The matching rate was around

90% in 1988, with lower levels in specific new issues. 13 Non-matched trades are

relayed back to the respective firms and they must reconcile between themselves

' 3QuaIity of Markets Quarterly, Spring 1989.
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the correct data corresponding to those trades. Once this has been done, a new

set of inputs must be entered into the Checking System. If the trade details are

within the permitted range of parameters, the trade proceeds to TALISMAN and

awaits settlement.

Before account day, TALISMAN Sold Transfer Forms (TSTs) and Covering Cer-

tificates are delivered by the selling client to the broker who deposits them at

the Exchange's TALISMAN office. The sold stock and TSTs are sent by the Ex-

change to the company registrar for registration out of the client's name and into

the name of the Exchange's nominee, SEPON Ltd. All stock in the process of

settlement is held in uncertificated form in the nominee. The holding of stock in

SEP ON is the basis of TALISMAN. It provides a central pooi of stock, removing

the need of inter-office deliveries, and centralised control of the registration pro-

cess. For this reason, every member firm acting as principal has a trading account

within TALISMAN for each security in which the firm deals. Thus, all bargains

can be settled by computerised transfer within the system. All payments due to

and from each member firm are netted into one figure for each firm code used,

enabling transactions to be settled by one net payment.

Where a client purchases, the buying broker will transmit to TALISMAN the

registration details of the buying client before account day.

On account day, TALISMAN credits the sold stock to the market maker with

whom the selling broker dealt. Payment is made, via the Exchange, from the

market maker to the selling broker. Also on account day the TALISMAN system

debits the market maker's SEPON balance with the amount of stock bought by

the client. The system prints a TALISMAN Bought Transfer (TBT) and sends it

to the company registrar to transfer the stock from SEPON into the clients name.

Payment is made via the Exchange from the buying broker to the market maker.

Payment between client and broker is arranged directly by the broker. In due

course (within a maximum of 14 days) a share certificate is sent by the registrar

via the broker to the client.

193



Settlement for institutions is similar but the role of the broker is much reduced.

Institutions or their custodians are eligible to participate in the Exchange's In-

stitutional Net Settlement (INS) service. An INS participant is able to make or

receive a single net payment to or from the Exchange to cover all trades settling

on a given day.

TALISMAN is a pure settlement system and does not protect member firms from

the risk associated with the default of a counterparty in a transaction to deliver

the stock or the funds reciuired. The Exchange has capital adecjuacy rules which

require members to maintain additional capital for all unsettled bargains.

Block Transactions

There are no special provisions for investors seeking to trade large quantities of

shares. Typically, a market maker will take the large order into her inventory and

subsequently try to unwind her position. 14 There is some evidence on trading in

'protected mode'. This means that the market maker offers a guaranteed price at

which she will take a large order on to her book. At the same time the market

maker undertakes to try to gain a better price by placing the stock. Execution is

not complete until (part of) the stock has been placed and only then is the trade

reported.

Inter Dealer Trading

In addition to the SEAQ system there is the Inter Dealer Broker (1DB) Network,

allowing market makers to make anonymous intra-market trades. Inter dealer

brokers provide matching services similar to Instinet's service on NASDAQ. There

are four inter dealer broker services: Cedar, First Equity, Garban, and Tullet &

Tokyo. Each service has their own screen which displays offers from market

' 4 1n contrast to NASDAQ, where niost large transactions are matched.
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makers to buy or sell a specific equity, bot not the posters identity. The 1DB

screens are only available to market makers registered in that stock and the brokers

affiliated with them. The screens display the best limit order bid and offer, and

the size of the first (in time) limit order at the best bid or offer. Market makers can

post "all or nothing" and "take any amount" limit orders. Although a market

maker posting a limit order cannot indicate that they are willing to negotiate

or offer more depth than shown, the IDBs will call the poster at the request of

another market maker to find out. When an order on the 1Db screen is executed,

the screen is updated immediately.

Market makers place firm limit orders on the 1DB screen at prices that are usually

better than those displayed on SEAQ.

The system is provided free of charge in return for commissions of 0.05% on

trades brokered through it.' 5 Only the party hitting a limit order displayed on

the screen pays commission.

The 1DB system helps a market making firm, which may have just taken on a

large trade, to lay off an imbalance in its inventory position. It also conveys some

information about the order flow and helps to partly offset the fragmentation

inherent in a geographically dispersed screen based multi-market maker system.

Of course, market makers can also directly trade with each other, albeit not

anonymously. Together with the publication rule changes, the Stock Exchange

withdrew the obligation of market makers to quote firm prices to one another on

SEAQ on February 13, 1989. This ended the 'price war' which started in August

1988. As a result, quote sizes in on SEAQ increased substantially. Currently,

market makers are obliged to deal with each other up to MQS.

that Reiss and Werner (1997) estimate the actual average 1DB commission to be
0M45%.
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Commissions and Taxation

Big Bang eliminated fixed commissions. Members are free to charge their clients

commission on a negotiable basis, competing with each other on charges as well

as services provided. Commissions are often not charged for large, institutional

investors. In 1990, a survey found that a commission was charged on 66% of

domestic stock transactions,. The average commission, when charged, was 0.39%

for domestic equity. The average commission charge over ALL transactions was

0.26%. The trend has been towards more business conducted free of commission

charge. 16

All equity sales are subject to 0.5% stamp duty. Market makers are exempt from

this tax, but this privilege is likely to be abolished in the near future.

Regulatory Framework

Security trading in the UK is regulated by the Financial Services Act of November

1986. The Act defines investments and investment business, contains guidelines as

to the authorization of persons conducting business on the Exchange, consolidates

the law on offering and listing securities, and legislates insider trading.

Most of the powers to authorise and regulate the securities industry are delegated

to the Securities and Investment Board (SIB), a private limited company wholly

funded by the financial services practitioners it regulates. The major aims of the

SIB are to "achieve a high level of investor protection and to promote overall effi-

ciency in the financial markets". Below the SIB and answerable to it are the Self

Regulating Organisations (SROs), and Recognized Investment Exchanges (RIEs).

SROs are responsible for the authorization of investment business and the super-

vision of that business' relationship with its clients. RIEs are responsible for the

operation of the marketplace and the activities of businesses in that marketplace.

' 6 Quality of Markets Quarterly.
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However, under the Act, trading on an RIE is not obligatory. Off-exchange trad-

ing is perfectly permissible but occurs oniy very rarely. Both SROs and RIEs

must satisfy SIB on a continuous basis that their rules and regulations offer the

necessary standards of investor protectiol1 and that their systems and services are

sufficient to monitor compliance by its members.

The Securities and Futures Authority (SFA) is the SRO responsible for regulating

most firms dealing in or advising on securities or derivatives. It has about 1400

member firms of which around 400 are members of the London Stock Exchange17.

The London Stock Exchange is a RIE which is owned by its members.' 8 As an

RIE, the Exchange has the responsibility to regulate the users of its markets and to

ensure that each market's operation is orderly and efficient and provides proper

protection to investors. Firms applying for membership in the Exchange are

screened to ensure their suitability; in particular the Exchange is concerned about

the firm's financial integrity, competence and reputation. In addition, the firm's

systems and staff resources are checked to make sure there is sufficient capacity

and expertise to run the business and to interface with the Stock Exchange's

central systems.

London Stock Exchange Member Firms

London Stock Exchange is a non-profit making private limited company, with

each member firm being a shareholder holding a single vote. All members of the

Exchange must also be members of the Securities and Futures Authority (SFA),

which is a SRO providing the regulatory cover for firms conducting business in

equities. Members of the SFA must demonstrate that it is adequately funded,

has a proper business plan, employs competent staff and management and has

no record of malpractice. They must prepare monthly capital statements, fort-

nightly calculations of position risk and annual audited accounts. The capital

' 7Stock Exchange Quarterly - Winter 1991.
' 81t was also appointed the Competent Authority for the regulation of companies which are

issuers of securities by the Department. of Trade and Industry.
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base for member firms is required iii approved form to be in excess of the sum

of: three months expenses, the position risk requirement calculated by applying

various percentages to the values of long and short positions in securities, and a

counterparty risk based on overdue settlements.

There are virtually no barriers to entry into market making in London. Any

firm with adequate capital who is willing to abide by the rules may register as

market maker in a stock. Members of the London Stock Exchange may act in

dual capacity as both agents and principals. Where a firm acts in 1)0th capacities

the two activities are separated by "chinese walls" to ensure investor protection.

At Big Bang, ownership of member firms by an outside corporation was allowed,

enabling member firms to build a larger capital base. Many firms were bought

by UK and overseas banks, or major overseas securities firms. \Toting rights were

transferred from individual members to member firms.

A registered market maker is required to post firm, two-way quotes on the SEAQ

screen. Failure to do so results in a loss of market maker's status and a three month

re-registration delay. In return for their making market's, firms have certain

privileges, notably relief from stamp duty, access to stock borrowing facilities and

access to the Inter Dealer Broker System.

On March 31, 1993, London Stock Exchange had 401 active member firms, of

which 27 were member firms whose primary dealing activity was in domestic

equity market making, 8 firms acted primarily as inter dealer brokers, 10 as

money brokers, and 257 as brokerdealer agents.

Monitoring of the markets is carried out daily with the aid of special computer

systems, e.g., to check that market makers are complying with their obligation

to make firm two-way prices, that brokers obtain best execution for their clients

and all bargains are reported quickly and accurately. Settlement performance

is also monitored, and P00f performing firms are advised how to improve their

operations. Six firms have defaulted under this regulatory regime.
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Stock Borrowing

Only registered market makers are allowed to borrow domestic stock in which they

are registered. It is one of the privileges that market makers enjoy to encourage

them to accept the obligation to make a continuous two-way price. Broker-dealers

may not borrow stock.'9

The need to borrow stock arises from the fact that a market maker has to make

a market in a security she is registered in, irrespective of the availability of the

stock. On settlement clay, her dealing position need not be level or she might face

delivery delays by other customers.

In both cases, she can bridge a shortfall by borrowing stock. The market maker

borrows stock from a lending organization through a money broker. As collateral

she can either use cash or surpluses of stock in other issues. The market maker

pays a fee which is shared between the lender and the money broker. At the same

time, however, stock lending offers a direct financial advantage for the market

maker, partly related to inefficiencies in the settlement process. The borrowed

stock is used to settle the market maker's sales in anticipation that not all of her

purchases will be settled on account day.

Lenders are typically insurance companies, banks or pension funds, although any

organization with large stock holdings is a potential lender. Money brokers have

built up contacts with institutions which are willing to lend, and compete with

each other in securing lending clients with as wide a range of stocks as possible.

Many lenders, in turn, have relationships with more than one money broker. The

market is regulated through close supervision of the money brokers by the Bank

of England and the SFA.

' 9Quality of Markets Quarterly, Spring 1991.
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The Traditional Options Market

A traditional option carries the right, which if exercised, entitles the holder of the

option to deal in a security at an agreed price (the striking price) within a period

(of approximately 3 months) up to a specified date in the future. A premium or

charge is paid to acquire such a right; the premium on an option is known as the

'option rate' or 'option money'. The person who pays the premium and acquires

an option is called the Giver. The other party of the contract is called the Taker.

bi-lateral and non-transferable. They are available for negotiable quantities which

facilitates precise hedging of equities and accurate risk management. Days on

which an option may he exercised is known as a Declaration Day. There are

three types of options available:

• Call option: The buyer is entitled to buy the stock at the agreed price.

Put Option: The buyer is entitled to sell the stock at the agreed price.

• A Put or Call Option (or Double Option): It enables the buyer to either

buy or sell the stock at the striking price during the option period, provided

the total amount of stock exercised does not exceed the amount specified in

the option contract. The striking price is usually the middle market price

of the stock at the time of arranging the option.

The maximum period for an option is approximately three months (LSE rule:

"An option may not he done for a period beyond the seventh ensuing Account

day".) A new option period starts on an Account Day and the maximum holding

period for an option may be obtained by arranging it on that day. Declaration

Day is always the penultimate business day of each Account. Options may he

pre-exercised on any intermediate Declaration Day during the currency of the

option. For any options exercised, physical delivery of the stock must take place.

Settlement occurs on the same date as for equities, and exercised options in UK

equities options in UK equities are settled via TALISMAN. The option money
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is not normally paid between option dealers and member firms until the option

is exercised or abandoned; however, by convention, the option money is often

paid by a client Giver, to the broker, on the next Account Day after the initial

transaction. Writers of traditional options are not margined; but in practice most

call option writers tend to hold the underlying stock as cover. Dividends relating

to the underlying equities become the entitlement of the Giver of the Call, or

Taker of the Put, contract form the day the contract was purchased, should it

subsequently be exercised and provided the contract was originated when the

stock was curn-dividend (although it can be exercised after the stock has gone

ex-dividend). In 1988 there were three member firms making markets as option

dealers in traditional options. Virtually all member firms which conduct agency

transactions in equities will also transact traditional option business on behalf of

clients. Volume in 1988 was around 50 transactions per day with an average size

just over 30,000 shares. The market for traditional options is comparatively small

and of limited size. During 1987, in terms of the value of the underlying equities

attached to traditional options transactions, it represented only 0.3% of the value

of customer business in UK equities. Since traded options are available for many

of the very liquid stocks, traditional options are more commonly transacted on

relatively less liquid stocks.
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Table XXXII : Security Classification Scheme

Minimum	 At Big Bang	 From January 1987

Requirements	 Alpha	 Beta Gamma Alpha Beta Gamma

Number of Market Makers	 10	 6	 2	 10	 46	 2

Turnover/Quarter (sm)	 97•5a	 -	 -	 100	 -	 -

Market Capitalisation (em)	 740	 -	 -	 625	 -	 -

Source: Quality of Markets Unit, London Stock Exchange

bAveraged over two quarters
°If quoting firm prices, otherwise 6.

Table XXXIII: Normal Bargain Sizes and Corresponding NMS Bands

NMS Normal Institutional Bargain	 NMS	 Normal Institutional Bargain

Band	 in Number of Shares 	 Band	 in Number of Shares

500	 0 - 677	 15000	 12001 - 18000

1000	 668 - 1333	 25000	 18001 - 33000

2000	 1334 - 2400	 50000	 33001 - 60000

3000	 2401 - 3750	 75000	 60001 - 93000

5000	 3751 - 6667	 100000	 93001 - 160000

10000	 666k - 12000	 200000	 more than 160000
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Appendix B: Database Format

The following pages contain a more detailed description of the structure of the
London Stock Exchange Transaction and Quotation Database. This information
was transcribed from documents provided by the London Stock Exchange and
supplemented by personal discussions with Stephen Wells and Graham Hart from
the London Stock Exchange.

Transaction Dataset

Field 1: This field contains the SEDOL number of the security as of the date
the transaction took place. Securities change SEDOL number over time,
so that a particular share can be represented by different SEDOL numbers
in different periods covered by the dataset. Conversely, at different times,
the same SEDOL number can represent different securities. It is therefore
necessary to get a detailed SEDOL number history for each security one
wants to investigate including the exact dates at which the SEDOL number
for that security changed. A possible source is the LSPD, which contains
the SEDOL number history to the precision of month and year. This means
that for the month when the SEDOL number changes, both the old and new
SEDOL number records have to be extracted from the database. Theoret-
ically this leaves the chance that, if the old SEDOL number is used for a
different security immediately after the change, one may get records for two
different securities.

Field 2: This field contains a 3-digit numerical code for the Stock Exchange
member acting as the buying broker in a transaction. These codes change
with the SEDOL number of the security. It is therefore difficult to create
long time-series of market maker data when the security has changes in
SEDOL number. Unfortunately these changes are not uncommon, even for
liquid securities. The problem is especially severe for new issues, which
have a tendency to change SEDOL number very frequently.
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Field 3: Indicates whether the "buyer" (field 2) acts as a principal or as an agent
in the transaction.

Field 4: Shows whether the "buyer" is relieved from stamp duty (M) or not.

Field 5-7: The same as Field 2 - 4, applied to the selling broker.

Field 8: This field contains information about the nature of the transaction. The
most common deal types are bargain (A), which refers to a normal trans-
action, contra-1)argain (M), which is used to make a previous erroneously
recorded transaction void, options (D), which refers to traditional options.

Field 9: This is the true" dealing date as set by the supervisors of the trading
process. Little is known here, but it seems safe to say that it coincides
with at least one of the other dates entered by buyer and seller, which are
sometimes missing. One reason why they might not coincide is that the
transaction took place after the official close on a trading day. The Stock
Exchange rules seem to classify this as a trade which took place the next
day.

Field 10: Next Account day. This is the date at which settlement for this trans-
action is due. Interrelation with the bargain code NT (new time), is not
quite clear. The Financial Times says that NT dealings can take place from
one business day before the Last Dealings Day of an account cycle. Account
day is typically the second Monday after the Last Dealings Day.

Field 11: This denotes the type of option that was dealt. It is only valid in
connection with a "D" in field 8. It is not the exercise of an option (I
think), those are marked with a special bargain code (RO) in field 14. Code
'D' denotes a put or call option.

Field 12: This is the price at which the transaction took place. In case of an
option exercise (bargain code RO) it is the exercise price of the option. The
price can be in different currencies. The appropriate currency is coded in
Field 27.

Field 13: In case of an option this field contains the strike price of that option.

Field 14: Bargain Conditions. This field is split into 8 subfields which can con-
tain a whole range of different codes. The most important ones refer to
dividends (XD,CD), coupons (XC,CC), rights (XR,CR) and boni (XB,CB).
Those 4 are coded in every normal bargain. The amount of the dividend
paid is not stated in the dataset. XD or CD transactions are usually lumped
in the dataset. This means that we usually find long stretches of CD trans-
actions and then a period of approximately 2 weeks with XD transactions,
corresponding to the XD interval. It happens, however infrequently, that
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XD transactions occur within a ('D stretch and vice versa. Comparison of
the LSPD dividend date and the dividend date inferred from the data some-
times yields differences up to a week or two. A code which occurs quite
often is IF (intra-firm transaction). This indicates that both market maker
and broker belong to the sanie firm. However, two parts of the same firm
may well have different codes, so an entry of IF in this field does not imply
that the entries for buyer and seller code in field 2 and field 5 are the same.

Field 15: The date of the transaction as entered by the buying broker.

Field 16: The time of the transaction as entered by the buying broker. While
the dates coincide in most cases, there are quite a few differences in the
times entered by both parties. It remains unclear, why some transactions
contain dubious time stamps such as midnight.

Field 17: This is the quantity exchanged in the transaction as entered by the
"buyer". Quantities entered by buyer and seller do not need to coincide. It
is quite common for total quantities to be split across several records. For
example, a transaction over 10000 shares might be split into two records,
showing 10000 for the buyer and two times 5000 shares for the seller. It also
happens that the records show 6000 and 4000 shares for the buyer and 5000
and 5000 shares for the seller.

Field 18: This field contains information about the quality of the transaction
price for the "buyer" and appears to be used for surveillance purposes.

Field 19: The "quality" of the price for the buying broker.

Field 20: The same as Field 15-19, for the selling broker.

Field 21: "E" for equity, 'G' for guts

Field 22: This contains the old classification into alpha, beta and gamma stocks.
After introduction of the NMS system, "A" denotes stocks with NMS ^
2000, "B" denotes stocks with NMS < 2000, and "C" denotes gilts and
foreign stock.

Field 23: The most frequent codes are "$" for sterling, "[" for US dollar

Field 24: Contains "Y" if the principal in a Principal - Market Maker transaction
was an inter-dealer broker.
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Quotation Dataset

Field 1: This field contains the SEDOL number of the security a.s of the date
the transaction took 1)laCe. Securities change SEDOL number over time, so
that a particular share can be represented by different SEDOL numbers in
different periods covered by the dataset. Conversely, at different moments
in time, the same SEDOL number can represent different securities. It
is therefore necessary to get a detailed SEDOL number history for each
security one wants to investigate including the exact dates at which the
SEDOL number for that security changed. A possible source is the LSPD,
which contains the SEDOL number history to the precision of month and
year. This means that for the month when the SEDOL number changes,
both the old and new SEDOL number records have to be extracted from
the database. Theoretically this leaves the chance that, if the old SEDOL
number is used for a different security immediately after the change, one
may get records for two different securities.

Field 2: The date on which the quote was entered by the market maker in field
5.

Field 3: The time when the quote was entered by the market maker and became
valid. Quote entering generally starts between 8:00 and 8:30 am.

Field 4: The time until which the quote was valid. Throughout the official trad-
ing hours, quote ending times are matched by subsequent quote starting
times (+1 second). Towards the end of the trading quotes tend to expire
around 16:30 to 16:45.

Field 5: This field contains a 3-digit numerical code for the Stock Exchange
member representing a market maker. Unfortunately these changes are not
uncommon, even for liquid securities. The problem is especially severe
for new issues, which have the tendency to change SEDOL number very
frequently after listing.

Field 6: The ask price quoted by the market maker in field 5.

Field 7: The order size up to which the ask quotation is valid.

Field 8: The bid price quoted by the market maker in field 5.

Field 9: The order size up to which the bid quotation is valid.

Field 10: "0" is coded for the first ciuoted entered by the market maker on that
date.
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Field 11: This code refers to a SEAQ-software sI)ecific arrangement with no
interpretation for the trading process

207



0

I

I-.
V-

Jc	 0
4	 V	 1-. V	 -	 1-4
VU	 VU	 .VAIV	 -

bOCIDCID

IIc___.	 4."ZZ'-
0	 V4-4 -	 0	 -	 c

'Qc:'	 0	 bO

-
( -	 -	 Q

-+	 C-

0 bO4
V	

boC4
,.	 rJ)

-

.- -	 1-.
>4	 0

	

-	 4)
,	 U	 -

00
-VV

#	 0'	 >4

	

-	 -	 -	 )	 rJ

V l	 1	 l	 &-	 4	 &4	 -4	 -4 4-4	 V4 V 0) V 0) V	 V V	 0)	 V V>4>4>4	 -- -	
--

-;-	 -
JDCr	 (ID	 crj(n	 09

	

F— C	 c	 _	 I)	 F-
'-4	 -4	 C.,' — —	 '-1	 —	

-	 LtD	 —
>4 I	 I	 I	 I	 I	 I	 I

. . -	 - r— -
	 -4 

F-	 -

t— cc	 — '-4	 —4 —4 —	 -4	 -4

- LtD C) C—	 C)	 -	 c'	 C-,	 LtD	 O	 F-
- 'I	 'I	 C' C'1	 CM	 CM	 CM CM

V	 0)	 V
I-.I-.

>4	 00	 -.-	 .-	 V	 -	 -
0	 C	 o

	

-	
U	 -	 -

	

.4.4	 -40-I
CJD

V
.:	 .4.3	 0)	 V

$	 -	
U	 U1-I

C

	

- > I I	 " -	 4-	 U	 v	 —	 V	 V
o	

U0C	 VC 0	 -

•o ii -	0)	 U	 C
IIb1D

I-_i-t,	 -
-4	 000)V	

o	 0C
U	 )	 U 0)

bo
IIbC 4	O

00b

I	
JJ II	 0	 fl	 V	 II

C	 II	 -	 -	 -? -	 -

—
LtD

I-I
>40	

V

V
04

V

0	
0)	 ,—V	 >4
0.	 — C	 f-0>4

C0) VC
V	 V 0) U	 0	 V

.	 -
cr	 0	 cn

0) F--	 -—	 CM CD	 c0 F-
- - cM ,	 I->44

-	
—	 - -	 C) It)	

C.) CM
	 F— CM-	 - CM	 Ct)	 CC

- - CM Ct) It)	 CC F-	 C)	 - CM	 Ct)
-4	 -	 4-. -

208



Table XXXV : Format of Quotes Data

Field Position Name	 Values

1 1 - 7	 SEDOL Number 7 digit security code

2 8 - 13 Quote Date	 YYMMDD

3 14 - 19 Quote	 Start HHMMSS
Time

4 20 - 25 Quote End Time HHMMSS

5 26 - 28 Market Maker 3 digit code for market
Code	 maker

6 29 - 39 Ask Price	 11 digits (7.4) in pence per
share

7 40 - 46 Ask Size	 7 digits

8 47 - 57 Bid Price	 11 digits (7.4) in pence per
share

9 58 - 64 Bid Size	 7 digits

10	 65	 Action Indicator O=Opening Quotation

11	 66	 Force Indicator	 Not relevant
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Table XXXVI : Explanations for Field 14

Dividends	 CD = cum dividend
XD = ex dividend

Coupons	 CC = curn coupon
XC = ex coupon

Rights	 CR = cum rights
XR = ex rights

Boni	 CB = cum bonus
XB = ex bonus

Capital	 CP = cum capital repayment
Repayments	 XP = ex capital repayment
Date of delivery	 CS = cash, i.e., settlement day after tomorrow

NT = new time, i.e., take bargain into the new account cycle
Place and circum- LD = London
stances of delivery OD = Overseas

SA = South Africa
FF = Foreign Registration
TF = Transmission Forms

Others	 DD = Delayed delivery
GD = Guaranteed delivery

________________ NB = No buying in
Place of Payment LP = London

FP = Foreign
________________ CO = Country of origin
More Others	 BN = Bad names, ie bearer/custodian stocks

CN = Contingency, for gilts, one conditional on other
DT = Direct trade
EB = Early bargain
NC = Not for central settlement
RN = For redemption, sinking fund

________________ XX = Special condition
Apportionment	 ON = One Name (implies No Part App.)

PA = Part Apportionment
Even More Others NS = No stamp, foreign investor, thus no stamp duty

NM = Not to mark, "suspicious circumstances"
SP = Special price, "don't investigate"
RO = Result of option, "price = current price at execution"
BL = Board Lots, non UK (HongKong) stocks
IF = Intra firm transaction, ie part of the same firm

210



Table XXXVII: Explanation of Fields 18 & 23:

T The price at which the bargain was dealt was either
worse than the best quotation extant at the reported
time of dealing (if the buyer/seller was a market maker)

- or not better than the best quotation.
2 as (1), with the provision that there was not a quotation
- in the size of the bargain at the reported time of dealing.
3 as (1), except that there was not a best quotation at the

reported time of dealing, and the nearest in time (within
- date) was used.
4 The price at which the bargain was dealt was either not

rorse than the best quotation (if the buyer/seller was a
market maker) or better than the best quotation, with

- the provision in (2).
5 As (4), with the exception in (3).
6 There was not a best quotation on the reported date of

dealing.
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Stock

British Telecom
British Telecom
Hanson
Hanson
Hanson
Barclays
Barclays
Barclays
Marks & Spencer
Marks & Spencer
General Electric
General Electric
RTZ
RTZ
RTZ
British Airways
British Airways
British Airways
Boots
Boots
Boots
Cadbury Schweppes
Cadbury Schweppes
Royal Insurance Holdings
Tate & Lyle
Tate & Lyle
Tate & Lyle
Sun Alliance Group
Sun Alliance Group

Appendix C: Dividend Information

Table XXXVIII : Dividend Data for Saiple Stocks

Ex-Dividend
Date

YYMMDD
910729
920113
910617
911230
920601
910812
920309
920310
910520
911111
911230
911231
910916
920323
920324
910603
911125
920601
910617
910618
911125
910916
920309
910902
910520
911209
920511
910916
920406

Payment
Date

YYM M DD
910911
920228
910726
920207
920701
911010
920507
920507
910802
920124
920331
920331
911216
920701
920701
910726
920110
920724
910822
910822
920206
911115
920529
911108
910723
920211
920721
911202
920701

Net	 Tax	 Gross
Dividend Credit Dividend

(all in pence per share)

	

8.05	 2.68	 10.73

	

5.70	 1.90	 7.60

	

3.15	 1.05	 4.20

	

7.85	 2.61	 10.46

	

2.75	 0.91	 3.66

	

9.15	 3.05	 12.20

	

12.00	 4.00	 16.00

	

0.12	 0.00	 0.12

	

4.70	 1.56	 6.26

	

2.10	 0.70	 2.80

	

2.55	 0.85	 3.40

	

0.02	 0.00	 0.02

	

6.00	 2.00	 8.00

	

13.50	 4.50	 18.00

	

0.29	 0.00	 0.29

	

6.05	 2.01	 8.06

	

2.94	 0.98	 3.92

	

7.24	 2.41	 9.65

	

7.50	 2.50	 10.00

	

0.11	 0.00	 0.11

	

4.30	 1.43	 5.73

	

3.20	 1.06	 4.26

	

9.30	 3.10	 12.40

	

11.25	 3.75	 15.00

	

3.70	 1.23	 4.93

	

7.50	 2.50	 10.00

	

4.00	 1.33	 5.33

	

5.25	 1.75	 7.00

	

9.00	 :3.00	 12.00
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Ex-Dividend	 Payment	 Net	 Tax	 Gross
Stock	 Date	 Date	 Dividend Credit Dividend

YYMMDD YYMMDD	 (all in pence per share)
Land Securities	 910603	 910715	 14.25	 4.75	 19.00
Land Securities	 911125	 911217	 6.00	 2.00	 8.00
Land Securities	 920601	 920713	 15.75	 5.25	 21.00
Dixons Group	 910715	 910930	 4.20	 1.40	 5.60
Dixons Group	 920113	 920302	 1.60	 0.53	 2.13
Standard Chartered	 910812	 911031	 7.00	 2.33	 9.33
Standard Chartered	 920323	 920604	 13.00	 4.33	 17.33
Standard Chartered	 920324	 920604	 0.36	 0.00	 0.36
Legal & General GP	 910916	 911202	 6.20	 2.06	 8.26
Legal & General GP	 920323	 920601	 12.60	 4.20	 16.80
Legal & General GP	 920324	 920601	 0.27	 0.00	 0.27
Royal Bank of Scotland	 910520	 910717	 2.80	 0.93	 3.73
Royal Bank of Scotland	 911209	 920226	 6.00	 2.00	 8.00
Royal Bank of Scotland	 911210	 920226	 0.18	 0.00	 0.18
Royal Bank of Scotland	 920511	 920722	 2.80	 0.93	 3.73
Smith & Nephew	 910520	 910704	 2.61	 0.87	 3.48
Smith & Nephew	 911014	 911213	 1.75	 0.58	 2.33
Smith & Nephew	 920511	 920707	 2.69	 0.89	 3.58
Commercial Union	 910812	 911115	 9.25	 3.08	 12.33
Commercial Union	 920309	 920515	 14.40	 4.80	 19.20
Guardian Royal Exchange	 911028	 920106	 4.40	 1.46	 5.86
Guardian Royal Exchange	 920323	 920701	 2.60	 0.86	 3.46
Tomkins	 910729	 911003	 7.06	 2.35	 9.41
Tomkins	 920127	 920409	 3.22	 1.07	 4.29
Siebe	 910715	 911001	 11.00	 3.66	 14.66
Siebe	 910716	 911001	 0.11	 0.00	 0.11
Siebe	 920113	 920401	 6.05	 2.01	 8.06
GKN	 910812	 911106	 8.00	 2.66	 10.66
GKN	 910813	 911106	 0.11	 0.00	 0.11
GKN	 920309	 920527	 12.50	 4.16	 16.66
GKN	 920310	 920527	 0.18	 0.00	 0.18
Kwik Save Group	 910520	 910702	 4.30	 1.43	 5.73
Kwik Save Group	 911209	 920114	 10.40	 3.46	 13.86
Kwik Save Group	 920511	 920701	 4.70	 1.56	 6.26
Willis Corroon	 910603	 910701	 3.30	 1.10	 4.40
Willis Corroon	 910902	 911001	 3.30	 1.10	 4.40
Willis Corroon	 911125	 920102	 3.30	 1.10	 4.40
Willis Corroon	 920323	 920401	 3.30	 1.10	 4.40
Willis Corroon	 920601	 920701	 3.30	 1.10	 4.40
Sedgwick Group	 910916	 911025	 4.00	 1.33	 5.33
Sedgwick Group	 920309	 920424	 8.00	 2.66	 10.66
RMC Group	 910930	 911202	 6.60	 2.20	 8.80
RMC Group	 920427	 920601	 13.40	 4.46	 17.86
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Ex-Dividend	 Payment	 Net	 Tax	 Gross
Stock	 Date	 Date	 Dividend Credit Dividend

	

YYMMDD YYMMDD	 (all in pence per share)
NFC	 910520	 910708	 1.20	 0.40	 1.60
NFC	 910729	 911007	 1.30	 0.43	 1.73
NFC	 911014	 911209	 2.50	 0.83	 3.33
NFC	 920127	 920407	 2.25	 0.75	 3.00
NFC	 920427	 920707	 1.30	 0.43	 1.73
Dalgety	 911014	 920102	 11.35	 3.78	 15.13
Dalgety	 911015	 920102	 0.11	 0.00	 0.11
Dalgety	 920406	 920701	 7.50	 2.50	 10.00
Associated British Foods	 910603	 910902	 8.50	 2.83	 11.33
Associated British Foods	 920127	 920305	 4.50	 1.50	 6.00
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