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Abstract

Agent-based Modelling and Market Microstructure

This thesis advances the literature by applying agent-based simulation to market mi-
crostructure issues. Although most of the agent-based literature focuses only on generating
market dynamics that best resemble thosé in the real world, a trading structuré is presumed
to be a Walrasian auction in most of the publishéd literature. This thesis argues that the
institutional details of trading are relevant, and need to be reflected when modeling agent
behavior in trading models.

Chapter 2 compares the convergence property in a double-auction market versus a
Walrasian market. This chapter constructs an artificial equity market in which agents trade
a risky asset that pays a stochastic dividend each period. In some of the éxperiments,
market dynamics under double-auction converge to the Rational Expectation Equilibrium.
However, this convergence is sensitive to deviations from rationality. In experiments where
we introduce noise trading, convergence becomes unattainable. Minimal rationality is not
sufficient to generate convergence in a double-auction market when the market price is
endogenous.

Chapter 3 constructs a three-stage model of a dealership market. After trading with
the customer, the dealer chooses between trading in a quote-driven inter-dealer market or
in an order-driven brokered inter-dealer market. We show that the dealers choice of inter-
dealer markets depends on the number of dealers available to make the market. This condi-
tion determines which inter-dealer market will prevail. We also demonstrate the conditions
for the existence of the equilibrium number of dealers that enter the market making indus-
try. At equilibrium, an increase in risk-aversion, the volatility of the customer order flow
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and asset shifts inter-dealer trading from the direct market to the broker. Moreover, cus-
tomers are better off when dealers have a choice between two inter-dealer trading venues.
Building on this theoretical framework, an agent-based simulation is employed to investi-
gate the welfare effects of heterogeneous dealers under different transparency regimes.
Chapter 4 examines the factors that affect liquidity-motivated investors preference
between a dealership market and a limit-order book market. This study builds on the the-
oretical market microstructure literature and uses an agent-based computational approach
that allows us to examine the equilibrium properties of models that are richer than the ex-
tant literature in terms of the hetérogeneity of trading and customer attributes. We find that
an increase in the thickness of the market, correlated customer order flow and a decrease
in the number of dealers cause a rise in the probability of an order book system prevail-
ing. We also find that ylarge-siz’e’customer orders and an increase in the degree of dealer

heterogeneity are more likely to shift trades to a dealership system.
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Chapter 1
A Survey of Agent-based Financial Markets:

Theory, Technology and Applications

1.1 Introduction

The newly developing field of agent-based computational economics concerns the
computational study of economies modelled as evolving systems of interacting agents. The
agent-based approach is widely implemented in fields such as economics, sociology, elec-
trical engineering, political science and law. In this paper, the scope is limited to the ‘appli‘
cation in financial markets. In an artificial financial market, agerit—based models stress the
interactions and dynamics among traders learning about the relations between prices and
market information. A principle concern of agent-based computational finance research
is to understand the apparently spontaneous formation of prices in economic processes,
such as the unplanned coordination of trading activities in varied market economies that
economists usually associate with the fictional Walrasian auctioneer. The challenge is to
explain how these market dynamics arise from the bottom up through the repeated inter-
actions of autonomous agents channeled through trading institutions, rather than from the
top-down imposition of coordination mechanisms such as market clearing constraints or

the assumption of a representative agent.



Financial markets offer some distinguishing features which make them good candi-
dates for agent-based modeling. First, the issues of price and information dissemination
and aggregation tend to be sharper in financial settings where agent’s objectives tend to be
clear. The complex interaction between prices and information is probably more dramatic
in financial markets than in any other economic situation. Second, the complexity of finan-
cial markets is represented by many different trading institutions; for example, dealership
markets and limit-order book markets, which directly affect price formation. These effects
cannot be explained via the notion of Walrasian equilibrium as in a traditional rational ex-
pectations model. Finally, financial markets experience frequent regulatory and structural
change. To understand the potential impact of a new regulation on the behaviors of agents
and, in turn, on market efficiency and market liquidity, agent—based modeling provides a
natural experimental environment. LeBaron (2001) pfovidés a good guide for the research
on agent-based financial markets.

This thesis advances the literature by applying agent-based simulation on market mi-
crostructure issues. As surveyed in this chapter, although most of the agent-based literature
focuses only on generating market dynamics which most resemble the real world ones, a
trading structure is presumed to be a Walrasian auction in most of the papers. This the-
sis argues that the institutional framework matters. Chapter 2 compares the convergence
property in a double-auction market versus a Walrasian market. This chapter constructs an
artificial equity market in which agents trade a risky asset that pays a stochastic dividend
each period. We find that in some experiments, market dynamics under double-auction

converge to Rational Expectation Equilibrium in a close neighborhood. But this conver-



gence is sensitive to deviations from rationality. In the experiments where we introduce
noise trading, the convergence become unattainable. Minimal rationality is not sufficient
to generate convergence in a double-auction market when the market price is endogenous.

Chapter 3 constructs a three-stage model of a dealership market. The dealer, after
trading with the customer, chooses between trading in a quote-driven inter-dealer mar-
ket or in an order-driven brokered inter-dealer market. We show that the dealers choice of
inter-dealer markets depends on the number of dealers available to make a market. The con-
dition is derived to determine which inter-dealer market will prevail. We also demonstrate
the conditions for the existence of the equilibrium number of dealers to enter the market
making industry. At equilibrium, an increase in risk-aversion, the volatility of the cus-
tomer order flow and asset shifts inter-dealer trading from the direct market to the broker.
Moreover, customers: ére better off when dealers have a choice between two inter-dealer
trading venues. Building on this theoretical framework, an agent-based simulation is em-
ployed to investigate the welfare effects of heterogeneous deaiers under different trans-
parency regimes.

Chapter 4 examines the factors that affect a liquidity-motivated investors preference
of market structure. We suppose that customers can choose between a dealership mar-
ket structure and a limit-order book structure. This study builds on the theoretical market
microstructure literature and uses an agent-based computational approach that allows us
to examine the equilibrium properties of models that are richer than the extant literature
in terms of the heterogeneity of trading and customer attributes. The main predictions of

our model can be summarized as follows. First, an increase in the thickness of the mar-



ket, measured by the number of customers submitting orders at any point in time, causes a
rise in the probability of an order book system prevailing. Second, customers who submit
large-size order flow, such as institutional investors, are more likely to trade on dealership
trading systems; customers whose order flows tend to be correlated, are more likely to pre-
fer dealership trading systems as well. Third, a decrease in the number of dealers increases
the likelihood that the order-book market will prevail as the preferred trading venue by
risk-averse customers. Fourth, an increase in the degree of risk-averse dealer heterogene-
ity or lower dealer risk-aversion levels (relative to customer risk aversion) increases the
likelihood that customers will choose to trade on the dealership system.

This first chapter provides a road map for agent-based research and draws the link
between agent-based modeling and market microstructure research. We first outline the
basic framework of agent-based modeling including the structure of the economy, agents
strategies and the way they interact. Then we survey the recent literature on agent-based
research focusing on implications for financial markets. Despite the many insights gener-
ated from these studies, most of this literature fails to address the importance of trading
mechanisms in a simulated financial market. Chapter 2 advances this area by introducing a
continuous double-auction trading mechanism in a simulated market. It studies the impact
of market mechanism on the learning behaviors of agents and, in turn, market dynamics
compared with a benchmark case of Walrasian auction.

This chapter also surveys the market microstructure literature on comparing auction
markets with dealership markets. Most research in market microstructure presumes the ex-

istence of a single market mechanism. A few researchers have studied issues of competition



between market structures. The fact, however, that dealers are observed to switch between
market mechanisms and the considerations which determine such a switch have not been
investigated fully. Chapter 3 focuses on the determinants of dealer choice of market mecha-
nism in the context of inter-dealer trading. This chapter is motivated by the on-going debate
on introducing an order-book alternative rading venue for the Canadian government bond
market. Chapter 4 studies the customers choice of an order-book market versus a dealer-
ship market. Using agent-based simulation, this chapter presents a novel method to search
for a Nash equilibrium in a numerical way.

The rest of this introductory chapter is organized as follows. Section 2 considers the
rational expectations model to clarify how that model’s shortcomings fostered the devel-
opment of the ’bounded rational expectations theory. Section 3 addresses three important
aspects of agent-based modeling: the basic framework of the simulation, agents learning
behavior and the trading venue that agents use to interact with each other. Among these
three, the last one (the trading institution context) is least frequently tackled in the agent-
based literature, but is rather a central focus of market microstructure study. This thesis
advances the interaction between the two fields of agent-based modeling and microstruc-
ture finance. Section 4 reviews the research on agent-based simulations in financial market
applications. Even though these studies address many very interesting questions, none of
them investigates the link between trading protocols and market dynamics. This is a core
of microstructure studies and the focus of this thesis. This section ends up with a brief
summary of Chapter 2 of this thesis. Section 5 reviews the literature on market design and

transparency. Much of the literature in this section is motivated by the on-going debates



on the relative merits of the dealership market versus auction market and on more trading
disclosure versus less. At the end of this section, we draw links between Chapter 3 and

Chapter 4 of this thesis and the current literature.

1.2 From Rational Expectations to Bounded Rationality

Typically, dynamic problems under uncertainty involve the formation of expectations
at the level of the single agent. According to asset pricing models, Cochrane (2001), for
example, the demand for a specific asset depends on the expectations of future payoffs of
the asset. In this context thére are two important issues: (1) the formation of expectations
on the part of each single agent; and (2) the relation between these expectations and the
true dynamic relation taking place at the level Qf the economic system.

One example from the theory of asset pricing may be useful in understanding the
challenge posed by these problems and the solution proposed by rational expectations.
Suppose there are only twb assets and one agent in the économy. One asset pays a fixed
and known interest rate r over the period, while another will pay dividend and will have
a market price at the end of period £. The dividend and the market price at the end of the
period are stochastic and can be described by two probability distributions. The question
posed at the beginning of period ¢, concerns the maximum price that the agent is willing to
pay for the risky asset. Under Gaussian distributions for dividends and constant absolute
risk averse (CARA) utility functions, it is well know that homogeneous rational expec-
tation equilibrium (HREE) is represented by the following market equilibrium price, see

Grossman and Stiglitz (1980) and Bray (1982),



P, = Ey(Piy1 + Dega) — )\UZS/Na (1)

where A is the constant coefficient of risk aversion and N is the total number of
traders. Time is indexed by ¢ and the horizon is indefinite. o2 is the variance of the risky
asset. The risky asset is issued in units, and pays a stochastic dividend, D;, which follows
an exogenous stochastic process.

In order to calculate this price, the agent needs to form expectations of future divi-
dends and prices. The initial proposal for these expectations problems’was to assume the
existence of reasonable rules of thumb for the formation of expectations. The theory of
rational expectations assumes that the agent forms expectations by using the true distribu-
tion of future dividends and prices. Note that in order to do this, the agent must know not
only the distrilﬁution of the dividends but also the equilibrium model that g’ives rise to the
price as a discounted value of dividends. Rational expectations pricing, therefore, requires
ex ante knowledge both of the statistical distribution of the exogenous variables and of the
economic model that aggregates at the level of the actions of all the agents.

When evaluated on the grounds of realism, the hypothesis of rational expectations
seems very strong. It certainly requires an incredible computational ability on the part of
the agents who are assumed to know the structure of the economy. The second unrealis-
tic aspect of the rational expectations model, which underlies most of traditional economic
modeling, concerns the trading institution through which trades are made. In a rational
expectations model, the Walrasian auctioneer serves to aggregate every agent’s demand

schedule and to clear the market at the equilibrium price before trades occurs. A more re-



alistic view argues that the various frictions in market microstructure and departures from
symmetric information must have some real impact on the process of convergence to Wal-
rasian equilibrium prices. This concern implies that the assumptions in the rational ex-
pectations model need to be relaxed. These key assumptions are that (1) payoff-related
information is common knowledge; (2) agents are homogeneous; and (3) the trading mech-
anism is inconsequential.

The Bounded Ratioﬁality literature relaxes the first two assumptions (Bray(1982)
and Sargent (1993)). Agents do not have full knowledge of payoff-related information. In-
stead, they learn to approximate their true but unknown conditiona] expectation function
and hence form boundedly-rational expectations. The view of learning we put forward
in our paper is one in which individuals explicitly construct approximate models of their
environment which are updated as their information improves through either active or pas-
sive learning. The decision rules they adopt reflect the fact that they know they hold mis-
specified models of reality. Learning, then, is seen to apply both to the structure and to any
relevant parameterization that the approximation entails. In principle, the whole branch
of non-parametric inference can be brought to bear on this problem, although we consider
only one approach based on artificial neural networks in the following chapters.

Artificial neural networks (in what follows ANN) provide a conceptually simple pro-
cedural model of how agents might learn to approximate the unknown conditional expec-
tation function. The minimal structural information required, eventually a knowledge of
the input and output variables, does not appear to hinder seriously the performance of the

method either in theory or in practice. Moreover, in principle, a neural network approxi-



mation can evolve in complexity and hence accuracy as knowledge of the environment in-
creases, reflecting the behavioral aspects of learning suggested above. Such non-parametric
learning schemes that require no ex ante knowledge of the structure may serve as good rules
of thumb for agent’s behavior.

Economics has relied on principles of equilibrium that assume that individual agents
are able to solve well-defined optimization problems that in turn can be replaced by global
optimization problems in some specific cases. The analysis of individual behavior is far too
costly and poses many difficult questions. Accordingly, many simple economic frameworks
such as supply and demand curves and representative agents have become the backbone of
traditional theorizing. By contrast, the agent-based approach or a bottom-up approach sug-
gests another route. Agent-based modelling is a computerized representation of the way
real-life complex ’systerns behave. A model consists of individual agents whose behavior
is programmed to follow a set of rules, plus a set of conditions representing the state of an
economy. Both agents behavior and the ekogenous conditions can be modified to represent
a situation of interest; for example, the NASDAQ stock market or a foreign exchange mar-
ket. The agent-based approach relies heavily on computational tools to push beyond the
restrictions of analytic methods. As we discussed above, ANN, among many other non-
parametric learning techniques, requires no ex ante knowledge of the structure and may
serve as a natural tool in an agent-based model.

The agent-based approach is beginning to show promise as a research methodology
and hopes to shed light on gquestions about heterogeneous trading behavior, market effi-

ciency and institutional design. The next section briefly discusses three important elements



of artificial market simulation which comprises an economic environment, expectations

formation and a trading institution.

1.3 The Core Elements of Agent-based Market Simulation

There are three building blocks in an agent-based artificial market. First, we need to
lay out an economic environment where agents interact with each other. Second, we need
to describe how agents form their expectations; in other words, what learning algorithm
agents use. Third, we must describe a trading mechanism which defines how the trades are
processed. In this section we start with a review of the current literature along these three

dimensions. Table 1 summarizes the recent developments in this literature.

1.3.1 Economic Environment

The first thing that needs to be described in building an agent-based artificial model
is the economic set up. Most of the existing Iitérature uses the rational expectations-based
asset pricing models to describe agents economic environments (see Table 1). The market,
considered in what follows, consists of a risk-free and a risky asset, and traders decide
on their asset allocation in each of the assets. The stock pays a dividend, , which has
both predictable and unpredictable components. In the Santa Fe stock market as described
below, the dividend for the risky asset is assumed to follow a linear autoregressive process

of order one (AR(1)) as follows,

Dyyy = d+ p(D; — d) + &, (2

10



where ¢, is Gaussian, independent, and identically distributed.
The agents have constant absolute risk aversion (CARA) utility functions and decide
on their demand for shares. It is well known that under CARA and Gaussian distribution

of dividends, agents demand is a linear function in price; i.e.:

Eg(Ptﬂ + D) = (1+7)P,

~2
/\apt+1 +Diy1

Qf = (3)

where is the price of the risky asset at time t, denotes the expectation for trader j
at time t, and is the conditional variance of price and dividend. Equation (10) is a well-
known linear demand function under CARA and it is valid if the shocks around the above
expectations are Gaussian. The agents demand for the shares is increasing in the forecast
of future prfces énd dividends, and decreasing in the estimate of the variance of the stock.
Many of the agent-design issues arise when building these forecasts from past time series

data. Forecasting is at the heart of this system, which we discuss in the following section.
1.3.2 ANN Learning Mechanism

Agent-based financial modeling tries to characterize boundedly-rational agents who
can map a time series of past prices into a forecast of future prices. In much of the agent-
based literature, various learning methods are employed as the agents forecasting tool such
as the genetic algorithm (Arifovic 1996), classifier system (Arthur ez al. 1997 and LeBaron
et al. 1999), neural network (Beltratti et al. 1996) and Bayesian leaming (Chan, LeBaron,
Lo and Poggio 2001). But at this moment, no learning mechanism appears to be more

useful than the others.
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In our paper, we use artificial neural networks (ANN), a technique that essentially
provides non-parametric estimates of unknown parameters or conditional expectation func-
tions representing the boundedly rational expectations. No assumption about the state of
economy is required to implement this technique; only information about the set of input
variables and the output for ANN to learn to generate expectations.

Since the ANN algorithm constructs a time-varying nonlinear approximation to the
unknown conditional expectations function, it is quite different from the least squares Or
Bayesian algorithms that essentially assume there is a fixed constant structure characterized
by the value of the parameters that must be learned. There are also a number of potential
theoretical advantages arising erm the use of neural networks. In the first place, they pro-
vide the ability to combine information from separate models and process this information
in a parallel fashioh., In Addition, given their non—parametfic nature, they can be robust to
poor information. The main reason why they are of interest in the present context is the
theoretical result that demonstrates their ability to approxifnate any measurable function
to any required accuracy (see White 1989, 1992). A detailed neural network structure is

presented in Appendix 1.
1.3.3  Trading Institutions

In the classical economics literature, there is no specific role for market institutions.
Price formation is performed by a Walrasian auction, which is really a one-shot clearing-
house. Traders submit their demand and supply schedules to the auctioneer and the final
allocation arises from the maximal net trade at a single market clearing price. This process

is often called institution free. However, while this framework does provide a simple and
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elegant way to envision price setting, it does not capture the process by which equilibrium
prices arise. If trading involves more than simply matching of Supply and demand in equi-
librium, then the trading mechanism and the behavior of traders will influence the resulting
prices.

A market institution is a set of rules specifying which sorts of bids and other messages
are legitimate, and how and when specific traders transact. A market institution defines an
exchange process by specifying the set of admissible messages (i.e. order price/or quan-
tity), and by specifying a final and an initial allocation. In reality, it is very rare to see a pure
Walrasian auction institution. An overview on major types of real-world market institutions
will help guide the following discussion.

We begin with a taxonomy of market structures in the real world. Trading systems
exhibit considefable heteljc')geneity in these dimensions, as shown in Table 2. Across de-
veloped economies, one observes two predominant types of equity markets: order-driven,
auction-agency markets and dealership markets. Order-driven markets or order-book mar-
kets, such as the Toronto Stock Exchange (TSE) and the Paris Bourse, are structured as
two-sided auctions in which there is no intermediary. Incoming orders submitted to the
market are either matched up with offsetting standing orders previously submitted to the
market or are placed in an order book themselves. Automated limit order book systems
of the type used by the Toronto Stock Exchange and Paris Bourse offer continuous trading
with high degrees of transparency, such as public display of current and away limit orders

without reliance on dealers.
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A dealership market can be classified as a single dealership or a multiple dealership
market. NYSE is a specialist (single dealer) market, while NASDAQ and London Stock
Exchange (LSE), foreign exchange (FX) and government bond markets are competitive
multiple-dealer markets. In terms of market transparency, FX and government bond mar-
kets offer very little transparency, while other dealer markets such as NASDAQ and LSE
offer moderate degrees of transparency. In fact, NASDAQ provides information on the full
order book.

Unfortunately, very few papers in the existing agent-based literature study the impact
of trading mechanism on market liquidity and price efficiency. Table 1 summarizes the cur-
rent agent-based literature in terms of their basic model, learning and trading institutions.
Most of the existing agent-based simulation is set up in a Walrasian auction framework.
LeBaron (200(); 2001) surveys many of these other computational markets. These more
complicated simulated markets are interested in long-run market behavior and tend to ig-
nore the trading mechanisms which are At the center of our research. This research opens
up a totally new area for the application of the agent-based approach to the issues related
to market microstructure.

The following two sections serve as road maps for research in agent-based simula-
tion and market institutional design respectively. Section 4 surveys the most recent devel-
opments in agent-based research and the related technology and basic findings. Section 5
selectively discusses market microstructure research, which is‘ closely related to the issues

raised in Chapter 3 of the thesis.
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1.4 Literature Review I: Agent-based Financial Markets

There is a growing literature that attempts to model financial interactions starting
from the agent’s perspective. Computational agent-based models stress interactions and
learning dynamics in groups of traders learning about the relations between prices and
market information. Building heterogéneous agent rational expectations models are cer-
tainly not new in finance. The current literature of computational frameworks tackles the
problem of very complex heterogeneity and in so doing leaves the territory’ of what can be
handled analytically.

The Santa Fe stock market, described by Arthur ez al. (1997) and LeBaron et al.
(1999), is one of the benchmark artificial market studies. The model tries to combine a
well-defined rational expectations environment with inductive learning using a classifier
system. The model is set up in a similar framework to that of Bray (1982) and Grossman
and Stiglitz‘(1980). In this one-period framework, myopic and constant absolute risk averse
(CARA) agents try to decide on their optimal asset alldcation between a risk-free bond and
a risky stock which pays a stochastic dividend. As indicated above, under Gaussian distri-
butions for dividends and prices and CARA utility, it is well know that the demand for the
risky asset is a linear function of the market price. In equilibrium, where aggregated market
demand equals total supply of the shares, there is a well defined linear homogeneous ra-
tional expectations equilibrium. Up to this point, this is a simple and traditional economic
framework. Where this approach breaks from the traditional framework is in the forma-
tion of expectations. The paper introduces a classifier system for each individual agent to

forecast the next state of the economy. Agents use the classifier to code current market in-
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formation into bit strings based on the symbols 1, 0, #. The symbol 1 here represents true,
0 false and # is a wild card which matches anything. Therefore, all of the learning rules can
be represented by these strings, and each rule maps into a real vector of forecast parameters
which the agents use to form their expectations.

In such a world, agents update their forecasting rules every K periods. For example,
in Arthur et al. (1997), new rules are generated by using a genetic algorithm (GA) with
uniform crossover and mutation. One important parameter in this study is the learning
rate. This paper compares the slow learning case with a fast learning one, and concludes
that in a slow learning case, the economy appears very close to the rational expectations
equilibrium, while in a fast learning case the simulated market can reproduce some features
which have been observed in real financial markets, such as volatility persistence and high
trading volume.

Even though this study is one of the most adventurous and complex artificial markets,
the fact that the market clears as a Walrasian auction makes it less representative in term
of mimicking actual financial markets. In the second chapter of this thesis, we try to go
beyond this study by introducing a double-auction trading mechanism which is widely used
in many real-world trading venues.

In another line of research, Arifovic (1996) makes the first attempt to simulate for-
eign exchange (FX) markets in the spirit of the two-country overlapping generation model.
Agents use the genetic algorithm (GA) to update their savings and portfolio decisions re-
garding what fraction of savings to place in each currency. Arifovic (1996) conducts some

laboratory experiments with human subjects on this foreign exchange model. Two impor-
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tant features emerge from her work. One is that the exchange rate fluctuates without a ten-
dency to settle to a constant value; and the other is that the first-period consumption is close
to the stationary equilibrium value. Arifovic then constructs a genetic algorithm leaming
environment to test learning in this FX market. In this setup, the portfolio decisions of
agents endogenously determine the price levels in the market. The population of agents
evolves according to their fitness value and a new population is created with crossover and
mutation operators in a standard GA fashion. The election operator introduces one new
operator for the dynamics of the population. The simulations of GA capture the two im-
portant features of the human-subject experiment and result in the persistent fluctuations
of the exchange rate. The paper suggests that the stationary rational expectations equilibria
are unstable.

Arifdvic’s paper points to one important issue for artificial markets in the general
equilibrium setting with endogenous price formation. The limitation of the paper is that
this artificial FX market totally ignores all the features of real FX market structures. It is
rather a simulation version of an overlapping generation model at the macroeconomic level.
In Chapter 3, we try to simulate an artificial FX market from a microeconomic perspective
by considering the fact that the FX market is a hybrid of dealership and limit-order markets.

Although most of the artificial market studies are formulated in a Walrasian auction
spirit, there are a few studies that consider different market structures. Beltratti and Mar-
garita and Terna (1996) simulate markets where trade occurs in a decentralized fashion.
Traders are randomly paired with each other, and traders trade according to the differences

in their expectations. In this case, trading may occur at different prices at the same time.
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The main focus of this work is the evolution of the combination of the populations
of different types of traders. They analyze the stock dynamics and the changing fraction of
different agent types. They find that in the early stage of trading which is very volatile, it
is worthwhile to pay to be smart. After those volatile periods, the value added of marginal
forecasting power is reduced below its costs and the smart agents disappear.

Another feature of this work is the introduction of neural networks for modeling the
formation of agent’s expectations. The smart traders are endowed with a neural network
which takes last period’s prices and dividends as inputs and estimates next periods price as
an output. Other types of traders, naive trader and noise trader, can pay certain amounts
to buy these ANN; they can pay to be smart. Then the authors investigate the evolution of
traders types. In most of their studies, the neural network structure is kept simple.

The second chapter adopts a similar learning mechanism for agenfs, yet differs from
the Beltratti et al. (1996) study with regard to the trading mechanism. Beltratti er al. (1996)
uses a decentralized trading mechanism, while we introduce a double-auction mechanism
and investigate the impact of the trading mechanisms on the market dynamics under Wal-
rasian auction and double-auction.

Another study which incorporates trading mechanism and asymmetric information
is undertaken by Chan, LeBaron, Lo and Poggio (2001). They use a one-period stock,
which pays state-contingent dividends at the end of the period. The diétribution of the state
of the economy is common knowledge. Risk-neutral agents maximize the end-of-period
value of their portfolios by forecasting the dividend using Bayesian methods. Three types

of traders, empirical Bayesian traders, momentum traders and noise traders, populate the
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market and trade in a double-auction environment. The risk neutrality assumption implies
that the rational expectations equilibrium price is simply the value of the dividend at a
given state. The study focuses on information efficiency by studying how close and how
fast prices converge to the REE price. They consider the price deviation of the last 20
transactions from REE price as a measure of closeness to the REE. Using simple learning
agents, the paper shows that the simulations reproduce some features of human-subject
experiments. The limitation of the paper is its very simple information structure. The
underlining distribution of the states is discrete and uniform and it is common knowledge
among agents. More precisely, the simulation is set in an economy with three states; for
instance, the stock pays a dividend of {$0, $1, $2}. The assumption of risk neutrality and
the simple information structure limit the richness of the results.

The models discussed to this poiﬁt represent a widé range of possible agent construc-
tions. But many questions still remain unanswered. Which type of trading mechanism
is relatively more efficient? Which type of trading mechanism provides higher liquidity?
Which type of trading mechanism should be adopted for certain types of markets? These
policy-related decisions may have major consequences. The need for a centralized market
1s also an interesting policy-related issue. Among the papers surveyed in this section, only
the paper by Beltratti er al. (1996) uses a decentralized trading mechanism. In short, it is
important to understand the impact on the market quality of the trading mechanism to be
used. Among all the issues studied in agent-based models, these may have the most direct

relevance for policy.
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This thesis attempts to add to the current agent-based-simulatioﬁ literature by consid-
ering the impact of trading mechanisms on market liquidity and price efficiency and com-
paring different market institutional settings. In Chapter 2 we introduce the double-auction
mechanism to mimic a limit-order book stock market such as the TSE and Paris Bourse.
Endogenous payoffs, heterogeneous agents and double-auction are the three features of the
artificial stock market setting to be used in the analysis. Simulations in Chapter 2 compare
the market dynamics resulting from a double-auction setting and a Walrasian auction set-
ting. We find that the market price under double-auction does not always converge to the
rational expectations equilibrium as in the Walrasian auction when the heterogeneity of the
market participants increases. Welfare effects across different types of agents are ana]yzed’
as well.

The trading mechanism is a well‘-studie’d issue in the market microétructure litera-
ture. In the next section we survey some of the most recent developments in this area as a

backdrop to the simulations that we conduct in Chapter 3. -

1.5 Literature Review II: Market Institutional Design and
Market Transparency
Much research exists on the comparison of order book market and dealership mar-
kets, on how different market structures can affect market quality, and on the impact of
trade disclosure regulations on both types of markets. Most of these studies are motivated
by the ongoing debate on market consolidation, fragmentation and increase of market trans-

parency. Since Chapter 3 addresses these market design questions in an inter-dealer setting,
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we review the existing literature on market design with an emphasis on the dealership mar-
ket.

In order to classify the existing research, it is useful to note that the existing déalership
markets are organized along two parallel and, in effect, separate markets. These are a public
trading environment where customers first trade with market makers, and an interdealer
trading environment, where dealers then trade among themselves (called the inter-dealer
trade herein). For the inter-dealer trade, dealers have the choice of either trading bilaterally
with each other as in a quote-driven market or trading indirectly and anonymously with
each other via an interdealer broker (IDB) known as the limit-order book market.

Inter-dealer trading between dealers who act as market makers is a common feature
of most major financial markets and accounts for a significant proportion of the total trad-
ing volume. In’ equity markets such aé the London Stock Exéhange, inter-dealer trading
constitutes some 40% of the total volume, and occurs mainly via an anonymous limit-order
book; see Hansch, Haik and Viswanathan (1998). In the mrarket for U.S. Treasuries, trad-
ing betweep the market makers accounts for about 40% of total turnover (Viswanathan and
Wang 2000). Two-thirds of these transactions are handled by inter-dealer brokerage firms
such as Garban and Cantor-Fitzgerald, and the remaining one third is done via direct deal-
ings between the primary dealers. In the FX market, inter—dea‘ler trading accounts for about
85% of the trades (Lyons 1995). Hence, in most financial markets, inter-dealer trading is
an integral part of market design, particularly for institutional markets that deal with large
orders. At the same time, the structure of inter-dealer trading is undergoing significant

change.
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One aspect of microstructure characteristics of dealer markets that has been largely
ignored in the theoretical literature, at least until recently, is the role played by the existence
of interdealer markets that operate in parallel to the customer or public market. In particu-
lar, little research examines the microstructure of these interdealer markets in which dealers
have a choice of trading bilaterally with other market makers or trading in an interdealer
broker market which resembles an order-driven market.

Why do these markets rely on the intermediation of dealers? This issue is referred to
as the Dealers Puzzle, which really consists of two parts. First, what are the functions of
market makers that make their presence valuable? Second, why do public auction markets
not provide the same functions? Another issue relates to the role of market transparency.
Is higher transparency always preferred in order to improve market quality? This can be
viewed as the;transparencypuzzle. We feView‘ the literature on market design in the follow-
ing section. Much of this literature is heavily influenced by on-going debates about auction

versus dealership markets, and greater trading disclosure versus less transparency.’

1.5.1 Theoretical Literature

An excellent comparative review of trading systems can be found in Madhavan (1992).
He compares an auction market with a dealership market in the context of asymmetric in-
formation. He shows that a market organized as a dealer system gives liquidity traders a
better price than a continuous auction system. The reason is that price competition forces

the expected profits of market makers on each trade to zero. The price is equal to the

1 The market transparency issues that we review in this section do not cover the literature on circuit breakers

and trading halts. For a review of this literature, and the effectiveness of such trading stoppages to disclosure
information, see Kryzanowski and Nemiroff (2001).
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asset’s expected value and contingent on order size, where in an auction system the trans-
action price is not known at the time of order submission. By behaving strategically, i.e.
conditioning the demand on the market clearing price, each player has some influence on
the market clearing price in an auction market. This strategic behavior results in higher
price variability and less efficient prices. However, this finding is directly related to the
fact that dealership markets are modeled in this paper as a price competition and auction
markets are modeled as a quantity competition.

Taking an approach different from Madhavan (1992), Vogler (1997) abstracts from
information asymmetries and develops a two-period model to compare a dealership market,
which is then followed by an inter-dealer trading round, in a pure auction market. He
models both first period public trading gnd the dealership market as a Bertrand competition.
By contrast, thé auction market is modeled as a quahtity competition gamé. He shoWs that,
if trading is motivated by non-informational motives, a dealership market also gives a better
price as long as the probability that the market mai(er cannot execute his order in the inter-
dealer market is low. He also finds that, when the number of market makers increases, the
inter-dealer market shows higher risk-allocation efficiency, as measured by the closeness
of Iharket makers asset allocation with the ones in the perfect competition case.

The findings of Naik, Neuberger and Viswanathan (1999) are of particular interest. A
two-stage ‘theoretical model is developed that most closely resembles dealership markets.
Naik er al.. compare the welfare effects under two trading disclosure regimes. The key and
realistic feature of their model is the fact that the price the dealer offers to the public investor

(in the first stage of trading) depends on his ability and the costs to manage his inventory
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position. They find that it is essential to model the second stage in order to understand how
prices are set in the first stage. An additional innovation over both the Madhavan (1992)
and Vogler (1997) studies, where public investors are assumed to be risk neutral, is that
Naik et al. also model both the public investor and the market maker as being risk averse
and, accordingly, sensitive to price risks. Naik er al.. show that in some circumstances
requiring full and prompt disclosure of public-trade in a dealership market may reduce the
welfare of public risk averse investors. The authors also show that an increase in the level of
post-trade transparency works against thé execution of large trades, but nevertheless tends
to benefit small traders.

Madhavan (1995) devélops a model to compare upstairs markets and downstairs mar-
kets. The upstairs market operates as a search-brokerage mechanism where prices are de-
termined through negotiation. By contrast, downstairs markets are characterized by their
ability to provide immediate execution at quoted prices. Upstairs trading captures the will-
ingness of traders to seek execution outside the primary market, and hence is of interest
in debates regarding market consolidation and fragmentation. Madhavan argues that large
traders are afraid of having their strategies leaked and prefer to use upstairs markets to
accomplish large-block trades in one single step. By contrast, small, uninformed traders
(uninformed in terms of the stocks fundamental value) are better off using more transparent
downstairs markets.

Lyons (1996) also attempts to model the risk sharing aspects of dealership markets
in the presence of asymmetric information. He models the realistic feature of two-stage

trading in multi-dealer markets. Lyons presents a hot potato model of the foreign exchange
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market that allows dealers to off-load their order flow to other dealers. While Naik, Neu-
berger and Viswanathan (1999) focus on the issue of the transparency of public trades,
Lyons considers the optimal level of transparency in interdealer trading that dealers would
endogenously choose. He does not examine the optimal level of transparency for the inarket
as a whole. This question is of interest_since the FX market is one that is unregulated and
yet there is a degree of transparency that has arisen without regulatory prodding. For exam-
ple, in the FX market, dealers can observe the order flow that goes through the IDBs. Lyons
shows that dealers, if they could choose the transparency regime ex ante, prefer incomplete
transparency over both a completely opaque setting and a completely transparent setting.
The key insight that explains this finding is that incomplete transparency allows for the op-
timal level of risk sharing to occur in the market. If there is no transparency, customers do
not wish té trade and as such dealers cannot share the price risk béme by themselves in the
first round of trading. Under complete transparency, the dealers bear all of the price risk
(in the first round) and the possibility of sharing this risk By trading with customers in the
second round may be limited. If post-trade transparency is complete, prices adjust (nearly)
instantaneously, and dealers absorb all of the price risk instantaneously. Accordingly, deal-

ers will prefer some middle ground of transparency.

1.5.2  Empirical Literature

Gemmill (1996) examines how changes to the transparency regime on the London
Stock Exchange (LLSE) that occurred in 1989 (at that time structured as a dealership market)
affected market efficiency and liquidity. In reviewing the data that covered 1987 to 1992,

Gemmill found no evidence that prices adjusted less quickly (in reaction to news or trading)
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after a sharp reduction in transparency. Overall, these results do not support the hypothesis
that an increése in post-trade transparency will improve market efficiency. This study also
found that, on average, the relative spreads (measured as the actual price paid compared to
the going quote used to account for negotiated price improvements) for large trades versus
small trades were narrower under the low transparency regime. These studies did not reveal
any statistically significant price effects of increased post-trade transparency.

Studies of London trading in French and German listed stocks by Del.ong et al.
(1995) find that spreads are lower on continental auction markets than on the London dealer
market. Therefore, it appears that spreads in dealership markets (London and NASDAQ)
are higher than in auction markets (continental exchange and NYSE). But one should in-
terpret their results with caution. Zhang and Kryzanowski (2002 forthcoming) show that it
is not correct to compare spreads across markcts unless their mid-spreads are identical.

Porter and Weaver (1998b) investigate the effects of greater pre-trade transparency
using data from the TSE. A regiiné change in pre-trade transparency occurred on April 12,
1990 when the TSE started providing real-time public dissemination of the firm quotations
for up to four levels away from the inside market (in both directions). Porter and Weaver
find that there is a decrease in liquidity, measured by the realized spread, with the increased
transparency regime.

Generally, there is little empirical evidence supporting the theoretical hypothesis that
public investors are better off in a dealership market than in an auction market, as well as
the hypothesis that market efficiency and the welfare of public investors is improved under

more transparent regimes.
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However, tests of theories concerning market structure face a serious problem: the
absence of high quality data that allows researchers to pose what if questions. Traders
adjust their strategies in response to market protocols and information. This feature makes
it difficult to assess the impact of market protocols. Further, these studies are event studies,
and most empirical studies are limited in that there are not large samples of events to study.
Moreover, changes directly resulting from the changes in transparency regime are often
accompanied by design alterations in other dimensions as well. It is difficult to distinguish
from other unrelated changes that may have occurred during the sample period in question.
As a result, it is important to find a cleaner environment in which to test the effects of
transparency ‘changes. It is clear that an analysis based on experimental markets in which
markets are simulated in a controlled (laboratory) renvironment could shed considerable
light on these issues. But this type of research exposes the reseafcher to bther Chalienges

which we discuss in detail in the next section.

1.5.3  Experimental Literature

Perhaps the research of most direct relevance to the issue of the appropriate level
of transparency in a market is that based on experimental economics where hypotheses
may be tested in a controlled environment. In a laboratory study, human subjects trade in
artificial markets. The questions which researchers study are often the effects of various
changes in protocols; for example, the effects of changes in trading disclosure on market
quality. Some experimental studies also study quality variables that might not otherwise

be observed. These include trader type (e.g., informed trader or uninformed trader), the
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accuracy of the beliefs of market participants over time, and the rate of convergence of
prices to full information values.

Bloomfield and O’Hara (1999) examine the speed at which prices converge to full-
information values and the possible impact of changes in disclosure rules in a multiple
dealer market. Price bubbles are generated easily, even if the distribution of fundamental
values are common knowledge across traders. Moreover, prices in auction markets need not
always converge to full information values. Instead, prices may settle at the wrong value,
since agents may learn incorrectly. Bloomfield and O'Hara (1999) find that price efficiency
is not significantly affected when going from opaque to semi-opaque markets, but find
that prices move rapidly to their new fundamental level (when new information about the
fundamentals is released) in the fully transparent setting. Price efficiency in this paper is
defined as tﬁe speed with which the price converges to the full—‘,informationi value of the
securities. Alternatively, price efficiency is the speed with which information is embodied
into the price. They also find that changes in transparency cause significant changes in
the traders’ profits. Informed traders are made worse off by going to the most transparent
setting. However, liquidity traders (who need immediacy) are made significantly worse off
in the transparent setting. This is surprising since it contradicts the findings of Pagano and
Roell (1996) who predict that an increase in transparency shifts the distribution of returns
from the informed traders towards the uninformed, liquidity traders. They also find dealers
compete less for order flow and spreads are wider in the transparent setting.

Another interesting experimental study that sheds some 1igﬁt on regulatory arbitrage

is conducted by Bloomfield and O’Hara (2000) in which dealers can either be those who
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disclose theif trades (thus being post-trade transparent) and those who do not. They find that
non-transparent dealers are more aggressive at setting quotes allowing them to capture more
order flow. This greater share of order flow in turn provides them with an informational
advantage (over the disclosing dealers) and allows them to qﬁote narrower spreads (which,
although not directly examined in the study, benefit the non-dealer traders in principal). The
low-transparency dealers profits are significantly higher than those for transparent dealers.
Bloomfield and O’Hara (2000) suggest that markets will naturally gravitate towards less
transparent regulatory settings.

Flood et al. (1999) conduct an experimental economic study modelled as a multiple
dealership market. Their work differs in that traders face a time pressure which places a
greater emphasis on the traders leaming ability. Also, they only examine changes in pre-
trade transparency, leaving the post-trade environment opaque‘. They find that, as the level
of pre-trade transparency increases, trading activity increases, although the returns of the
traders are not significantly affected in a statistical way. They find that greater pre-trade
transparency slows down this price discovery process (i.e., price efficiency is significantly
decreased). This surprising result is in marked contrast to the Bloomfield and O’Hara
(1999) study and to much of the theoretical literature on transparency. They hypothesize
that this result is due to the fact that dealers, given that they no longer need to seek out
pre-trade information by calling for and making quotations, become less aggressive price
setters in the more transparent setting. In turn, the price converges more slowly to the one
predicated by the fundamentals. In essence, the greater transparency reduces the incentives

of dealers to acquire new information.
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This new literature uses more realistic trading regimes and incorporates institutional
features found in actual markets. The advantage of this approach is that predictions of
theoretical models can be examined in a controlled environment. The disadvantage of this
approach is that the results are often sensitive to subtle differences in the experiments or
the instructions given to parﬁcipa.nts and the idiosyncrasies of participants.

This has led to a growing new field of agent-based modelling. Using computer soft-
ware to replace human subjects, agent-based modelling allows better control on individual
features of the participants and the modeling of their learning processes. Even though
agent-based modelling is a natural candidate for studying market architecture hypotheses,
very little work has been done in this area. This thesis is a contribution to this evolving
literature.

Chapter 3 in this thesis attempts to explore the applications of agent-based models
on financial markets with special focus on the market institutional design. We try to mimic
the structure of a typical dealership market such as the foreign exchange (FX) market and
fixed income market. In this chapter, two types of inter-dealer trading are investigated.
They are direct inter-dealer trading organized as a bilateral search, quote-driven market,
and a brokered inter-dealer trading which is run as an electronic limit-order book market.
In reality, dealers are observed to conduct their inter-dealer trading through two different
inter-dealer markets. The considerations; however, which determine switching between
markets have not been investigated. Chapter 3 uses the agent-based approach to provide
some new insights oﬁ the factors that determine the decisions of dealers, and the impact on

the welfare of both the public and dealers.
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1.A Appendix: Artificial Neural Networks

Halbert White and various co-workers have shown that feedforward neural networks
are best regarded as approximates of nonlinear function g mapping vectors z € X into
vectory € Y.

A feedforward neural network with one hidden layer is described by the two equa-

tions
K
Y =09+ Z 0O, (4)
k=1
and
K
ar = (O BX + ) | | (5)
' k=1 : ,

The second equation describes the output of hidden unit k. The first equation gener-
ates the output Y of the network by taking an affine function of the vector of outputs of the
hidden units. The parameters of the network are thé weights W, which include both oy, and
Bi. An example of such a network is depicted in Figures 1 and 2. Figure 1 pictures com-
putational elements or node with /V inputs and one output (weighted sum of inputs). Three
representative examples of nonlinearities are shown in the lower panel of the graph.

The literature has addressed two issues about models of this class: the issue of ap-
proximation or representation, and the issue of estimation. The approximation literature
describes the class of functions g(-) : X — Y that can be arbitrarily well approximated
by the above model. Hornik, Stinchcombe, and White (1989) have shown that if enough

hidden units are included, then any Borel measurable function from one finite dimensional



space to another can be approximated by this model. The parameter that controls the quality
of approximation is K, the number of hidden units. For a given K, the best mean-square
approximator to a function g{z) is determined by the value of (a, ) that minimizes the

squared norm

2

K
Y =Y on f(BLX + ) +

k=1

(6)

For a given K, the best approximator can be found by variations of the Newton
method. The approximation literature comforts us by assuring us that, if we select K large
enough, we can find a pair of (&, #)that makes this mean squared error arbitrarily small.

The estimation problem occurs when we are given a sample {Y}, Xt}f;l and a par-
ticular model of form f(-), with a fixed K, and want to estimate the parameters. This is
a version df the nonlinear regression problem. ‘Estirhation can proceed by‘ using versions
of the stochastic gradient algorithm or stochastic Newton algorithm. The training term

discussed in the neural network literature all use versions of those algorithms.
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Figure 1. A Node with N Inputs and One Qutput
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Table 1. Literature on Agent-based Artificial Financial Markets

Authors/Paper | Economic Model | Learning Trading Mecha-
nism

Arthur et | R.E. Classifier ~ Sys- | Walrasian Auc-

al.  (1997) & tem tion

LeBaron et al.

(1999)

Beltratti,  Mar- | R.E. ANN Bilateral Trade

garita (1996)

Arifovic (1996) | Cobweb GA Walrasian  Auc-
tion

Chen, LeBaron, | No Model (Risk | Bayesian/unearest | Double Auction

Lo & Poggio | Neutral Agents) | neighbour

(2000)

Chen &  Yeh | R.E. GA/GP Walrasian Auc-

(2002) tion

Note: R.E. is rational expectations model. ANN is artificial neural networks;

GA is genetic algorithm, GP is genetic programming.
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Table 2. Trading Systems in the Real World

Equity Markets Bonds / FX markets
NYSE | NYSE | Nasdaq| Paris | LSE C—D | Direct | Broker ID
open intra- Bourse D
day ,
Order Book X X
Dealership X X X X X X
Double Auc- X X
tion '
Continuous X X X X X X X
Open  auc- | X
tion
Centralized X X X X X X
Decentralized , X X
Pre-trade X X X X X
quotes
Post-trade X X X X
quotes

Note: C—>D denotes customer-dealer trading sphere, Direct ID and Broker ID denote direct inter-

dealer and brokered inter-dealer systems respectively.
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Chapter 2
The Efficiency of Double Auction Markets

with Neural Network Learning Agents

2.1 Introduction

In this chapter? we construct an artificial equity market with a double-auctioﬁ trading

mechanism and study its convergence properties.

| Under open-outcry floor trading, the continuous double-auction has been the princi-
ple trading éystem in equity markets for more than 140 years. Technological advances have
now introduced a new form of market trading system: the computerized double-auction
mechanism (widely used in electronic trading). What are the features of this market? How
do these features affect the price formation process? How efficient is this type of market
system compared to those with alternative trading systems?

Experimental studies answer these questions by examining two different types of ar-
tificial markets. One uses a laboratory market where human subjects trade with each other
and generate market dynamics. The other analyzes a computer simulated market where ar-
tificial traders replace human traders. The main weakness of the laboratory market is that

some parameters are unobservable or uncontrollable, like a trader’s risk preference, gen-

2 A version of this chapter has been presented in CEF (1999) at Boston, the workshop at the University of
Chicago on agent based simulation (1999). Itis published later in Evolutionary Computation in Economics

and Finance, Chen S. H. (ed.), Springer-Verlag (2002), Page 85-106.
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eral learning behavior and trading strategies. In this sense, a computer simulated artificial
market improves upon the laboratory market, since those parameters as well as the trading
system -can be carefully controlled and modified to test many different hypotheses. On the
other hand, this computational tool involves new untested parameters.

Many laboratory market studies have been conducted under continuous double-auction.
Early work such as Plott and Sunder (1982) and Forsythe, Palfrey and Plott (1982) in-
troduced laboratory asset markets featuring markets with insider traders and uninformed
traders and conclude that the equilibrium prices do reveal insider information, The les-
son from the double-auction asset market experiments of Smith, Suchanek and Williams
(1988) seem to be rather different. They report frequent large bubble episodes where trans-
action prices rise well above the Rational Expectations Equilibrium (REE) values for an ex-
tended time period, which usually ends in a sudden price crash to one that is close or below
the fundamental value. Camerer and Weigelt (1992) studied a market where an asset pays
a stochastic dividend each period. This is a more complicated market where token valua-
tions are not specified exogenously by the experimenter but are determined endogenously
and must be inferred by traders over the course of the trading process. They concluded
that “ the double-auction does not fail completely at generating convergence to competi-
tive equilibrium prices for this stochastic asset, but the auction mechanism performs much
more slowly and erratically than in simpler settings.”

Computer simulated markets extend the experimental study by permitting manipula-
tion of the agents’ trading strategies and specifying a trading mechanism. After conducting

many real trading experiménts in laboratories, Gode and Sunder (1993) were interested in
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just how much “intelligence” was necessary to generate the results they were seeing. They
ran a computer experiment with ‘“Zero Intelligence” (ZI) agents who are almost completely
random in their behavior. They used a double-auction market similar to those used in many
laboratory experiments. Their results showed that the budget constraint is critical to achiev-
ing market efficiency. Further examples of a simple double-auction can be found in Rust,
Miller and Palmer (1992). They focus on the performance of different trading strategies.

Experiments involving simu]ated markets frequently appear in the literature. Chan,
LeBaron, Lo and Poggio (2001) construct a double-auction asset market experiment to
investigate information dissemination and aggregation. In tests of information dissemina-
tion, they find prices that converge to fundamental value in almost all cases. But, in many
cases, convergence is difficult to achieve in tests of information aggregation. To test the
robustness of the results,ktecy:hnical traders and noise traders are introduced. The Santa Fe
stock market (Arthur et al. 1997 and LeBaron et al. 1999) investigates market efficiency
and price convergence with a rational expectations asset-pricing model, genetic algorithm
learning, and Walrasian tatonnement as the market clearing mechanism. LeBaron (2002
forthcoming) provides a very useful survey of some portions of this literature.

In this chapter we construct an artificial equity market where agents trade a risky asset
that pays a stochastic dividend each period. Artificial Neural Networks (ANN) assume the
role of traders, who form their expectations about the future return and place orders based
on these expectations. Market prices are set endogenously by trading among agents in a

double-auction market.
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This chapter addresses the market efficiency question by measuring the price conver-
gence to a rational expectations equilibrium price. Market efficiency is defined such that the
prices generated from a double auction market converge to fational expectations equilib-
rium prices. In particular, we consider the price deviation from rational expectations prices
and trading volumes. In a rational expectations environment, the price deviation should de-
crease and trading volumes will tend to zero when the information is fully reflected in the
‘prices. We conduct this study with three purposes in mind: (1) to simulate a computerized
double-auction platform in order to help us better understand the price formation process
in this ﬁading structure and to test other hypotheses on market design and trading behavior;
(2) to replace the human trader with the artificial neural network traders to observe whether
they are able to learn to form rational expectations, and how they adjust their expectations
within each period; (3) to compare this‘dbﬁble‘-auction market outcome with theoretical
benchmarks and with results from laboratory markets. It is worth mentioning that, in most
of the laboratory market studies where double auctions a’rek used, the “redemption value”
(return) of the risky asset is exogenously set by the designers and the underlying distribu-
tion of this value is disérete and uniform . By contrast, in ouf simulated market, the market
price, a major part of the return, is endogenously determined by the trading process. Divi-
dends, the other part of the return, follows an exogenous and stochastic process with known
structure and unknown parameters.

We find that market dynamics under double-auction converge to the REE in some ex-
periments. This convergence, however, is sensitive to the deviation from rationality among

the agents. In the experiments where we introduce noise trading, convergence becomes
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unattainable. Minimal rationality within the market is not sufficient to generate conver-
gence in a double auction market when the market price is endogenous.

The remainder of this chapter is organized as follows. Section 2 presents the market
structure. In this section, our basic asset pricing model, the agents’ expectation formation,
their trading strategies and a double-auction trading mechanism are déscribed. Section 3
provides the design of all the experiments. The results of these computational experiments
are presented in Section 4 where market simulation results are evaluated, tested and com-
pared with the findings in the literature. Section 5 concludes and suggests future extensions

to the work presented in this chapter.

2.2 Market Structure

2.2.1  Basic Framéwork

We set up a model of an asset market along the lines of Grossman and Stiglitz (1980)
and Hussman (1992) that was used subsequently by Arthur ef al. (1997). Consider a market
with N traders, indexed by 7. Traders are assumed to have constant absolute risk aversion
(CARA) utility functions with a constant coefficient of risk aversion A. Time is indexed by
t and the horizon is indefinite. Traders decide on their desired asset composition between a
risky stock and a risk-free bond. The risk free bond is in infinite supply and pays a constant
interest rate r. Stock is issued in total units of @ and pays a stochastic dividend, D;, which

follows an AR(1) stochastic process as follow

D, =d+pDy1 +&, (7)
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where £, ~ N (0, 07). The parameters of the dividend process are unknown.
Each trader ; attempts to maximize next period’s wealth, by optimizing the allocation

between the risky asset and the risk-free asset as follows:

Maz Bj[-exp(-2W],,)], (3)
st Wi, =1 +7) (W - QIP) + Qi[Pi1 + Dia; (9)

where P, is the stock price and E’tj denotes the expectation of trader j conditional on the set
of information {2; available to j at time ¢, including historical information on market prices
and dividend process. The parameters of the stochastic dividends must be learned and used
to determine the expected utility.

Agents have a wealth constraint, i)orrowing cash and short sales are not allowed.
Each agent has given initial holdings in stock and the sum of the total supply of the market
isequal to Q.

It is well known, as in Grossman and Stiglitz (1980) and Hussman (1992), that under
CARA utility and Gaussian distributions for predicfions, the agent’s desired demand, Q"

for holding the risky asset is linear in the expected excess return:

E}[Py1 + Dy — (1 +7)B)

~2
’\Uj,Pt+1+Dt+1

Q= (10)

Risk aversion prevents traders from taking an infinite position based on expected return
differentials. Efi P,y +Diyy 18 the variance of the expected returns.
The market clearing price can be found by balancing aggregate demand with aggre-

gate supply, so that:

N N £ - )P, )
ZQZ*(H):Z [Pry1+ Dy — (1 + )P]-—:Q (11)

)
J=1 g=1 /\Uj,Pt+1+Dt+1
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Under full information and homogeneous expectations, i.e. where every trader ob-
seﬁes each of the components in the dividend process and holds identical expectations, the
index j can be omitted from the expectations operator.

Using equations (7) and (11), it is not difficult to solve for a homogeneous rational

expectations equilibrium (REE) price under full information as

P= T Dt 10+ A= AL+ NP (12)

where [ = TIE'—T)- This is an important mapping which provides the theoretical values for
REE prices. See Appendix B for details.

Finally, as a benchmark for evaluating the different equilibria in subsequent experi-
mental setups, it is useful to find the analytical expression for the expected return in equi-
librium. Given equation (11) and the direct relationship Between prices' and dividénds in
equation (12), the optimal forecasts in the full information rational expectations equilib-
rium is straightforward to find. One form of these forecasts is

BB+ D) = p(1+ D+ (14 D1+ pd- 220+ @y (9

This is the homogeneous rational expectations equilibrium (HREE) forecast we seek.
This forecasting equation is one of the crucial items that traders need to estimate. Moreover,
it is used as a benchmark result for our agents to learn. When the underlying components of
the dividend process are not directly observable, the key question is how the next period’s

price and dividend expectations might be formed by each trader. We will consider this issue

in the next section.
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2.2.2  Heterogeneous Traders and Their Trading Strategies

We assume this market is populated by two types of traders: value traders (Artificial
Neural Network traders) and momentum traders. Among them, the value traders follow
the rational expectations model and try to learn the state of nature and the rational expec-
tations forecasting given by equation (13) simultaneously. Their existence is expected to
keep market prices close to the rational expectations equilibrium. Momentum traders are
chartists and do not follow the rational expectations model. They act according to some
technical indicators. The presence of this type of traders is to test the robustness of the

results obtained when all the traders are value traders.

ANN traders with their trading strategies

For value traders, the parameters in equation (13) are all that they heed to learn to
compute their expectations. We assume value traders employ artificial neﬁral networks
(ANN)? to learn the parameters of the rational expectations ¢quilibrium in equation (13).

Artificial neural networks provide a conceptually simple procedural model of how
agents might learn to approximate their true but unknown conditional expectations function
and hence form “boundedly rational” expectations. This approach will offer more desirable
properties than traditional learning methods (say, least squares). It avoids any presumption
regarding beliefs and requires no ex ante knowledge of the modeling structure. Moreover,

it will better mirror actual cognitive processes, in which different individuals might well

3 Smith (1993) is a good introductory book that concentrates on one type of neural network; namely, feed-

forward neural networks, one of the most commonly used ANNs. Hertz, Krogh and Palmer (1991 ) provide a
clear and concise description of the theoretical foundations of neural networks using a- statistical mechanical
framework.
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“recognize” different patterns and arrive at different forecasts from the same market infor-
mation.

Feedforward neural networks are employed by value traders with one input, one hid-
den layer (with three neurons) and one output (for more details, see Appendix 1 of this
chapter). There are two reasons for choosing this relatively simple network design. First,
the single hidden layer feed-forward network possesses the universal approximation prop-
erty that it can approximate any nonlinear function to an arbitrary degree of accuracy with a
suitable number of hidden units (White 1992). Second, since the rational expectations map-
ping in equation (13) is a simple linear one, a more complex architecture is unnecessary.
The motivation for keeping one hidden layer is to provide value traders with the possible
learning structure for out-of-equilibrium behavior. The homogeneous rational expectations
equilibrium (HREE), represented by eq’uation“ (13), relies on some strong aséumptions such
as homogeneous beliefs among agents, common ex ante knowledge of the distribution of
the state variable, and a Walrasian tatonnement. In our market simulation, with all of those
assumptions relaxed, value traders can expect to encounter some out-of-equilibrium behav-
ior, especially when momentum traders participate in the market.

Each value trader possesses an ANN model which shares a similar structure. But
there are differences in the initial values of the parameters. Traders train their model ac-
cording to newly-revealed market information on returns at the end of each period and then
use the updated model to forecast the next period’s return.

We now consider the question of when a trader will choose to trade via a market order

or limit order, or not to trade at all. The problem is structured as follows. Each trading
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period contains multiple trading rounds. Let the trader determine whether to rebalance his
portfolio at the beginning of every trading round. To simplify the analysis, we assume that
all orders are for a fixed number of shares(A\(}), and that when any market or limit order is
executed, it is satisfied fully at the stated price. We assume that an unfulfilled limit order is
canceled prior to the next decision point.

At any of the time ¢ decision points, trader j is faced with five possible options. Those

options are indexed by

Post a limit buy-order at price P};;

Post a limit sell-order at price P;

Post a market order to buy shares at the current best ask price, a;
Post a market order to sell shares at the current best bid price, b;

Do nothing.

The formal way for a trader to find the optimal order placement strategies to max-
imize his expected utility of wealth, iMaxE}(U,;), for i = {1,2,..,5},where E!(U;))
is the expected utility derived from option ¢. In what follows, we use a simpler way to
approximate traders’ optimal trading strategies.

In order to choose his action, an ANN trader will find his reservation price first. Since

at this price his optimal holding is equal to his current holdings, he has no incentive to trade.
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A risk-averse trader finds his optimal demand by maximizing his utility in terms of
next period’s wealth. His reservation price can be solved from the optimal demand function
given by equation (10). Let QI* = @, where Q] is the current holding and Q]" is the

desired holding in the current period. Then the reservation price for trader j is

g P :
E}(Pey1+ Dep1) = A0 pyy 400, Q1
14+7

PRI =

(14)

This reservation price is negatively related to his current holding level, and positively re-
lated to the expectation value of the next period’s return.
The trader will never buy higher or sell lower than this reservation price. Let a denote

the best ask, and b the best bid (¢ > b) in the current trading round. The value trader will

Post a market buy order, if a < P%;

Post a market sell order, if b > P¥:

Do nothing, when a or b is equal to P%;

Otherwise, post a limit order to buy or sell at the price

Pj,t = PR’j - SJB (15)

Equation (15) is a mechanical way to decide the quoting price which should be done
ideally via optimization. B is an indicator variable where B = +1 for an ask order and
B = —1 for a bid order. S’ is a spread between the reservation price and the price quoted.

It is a linear function® of order size AQ. The order size is fixed to one unit in this study.

4 Itis important to keep in mind that the spread should also be a function of time. The closer to the end of

a trading day, the higher the bid price should be to reflect the probability of the order execution. This aspect
of the market will be studied in the future.
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Since there is multiple trading rounds in each trading period, this fixed order size will not be
a constraint for a trader who wants to trade more than one unit. Meanwhile, S7 is different

across traders since they have different forecasting variances,

~2

. A
ST = ( O-J,ft:_l';Dt+1)AQ (16)

The reservation price here serves as a mean-reverting device for the market. When
traders hold very similar expectations, the differences between their reservation prices
come from the difference between their current holding in the risky asset. The low-reservation-
price trader who has a large position posts a low bid and ask price; while the high-reservation-
price trader who has a small position posts a high bid and ask price. As a result, the low-
reservation-price trader could only become a seller, since his ask order will have a high
probability bf being executed. Therefore, he can reduce his position and keep selling until

it reaches his optimal holding.

Momentum traders and their trading strategies

Momentum traders are chartists who believe that future price movements can be de-
termined by examining patterns in past price movements represented by various moving
averages (MAs). Brown et al. (1998) support the notion that price history can be used to
predict market movements. The moVing average trading rule states that when the short-term
(usually 1-to-5 day) moving average price is greater than the long-term moving average
(usually more than 50 days), a rising market is indicated. Thus, this trading rule would gen-
erate a buy signal. Based on such market trends, the momentum trader decides to enter or

exit the market.
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In this chapter, momentum traders are divided into two groups according to their
choice of trading rules. The first group of momentum traders compares the current market

price P; with the average of the past 5 days denoted as MA(S) and responds as follows,

e If P, >MA(S), they buy AQ shares.
e [If P, =MA(5), they hold current position.

e If P, <MA(S), they sell AQ) shares.

The second group of momentum traders identifies a trading opportunity by comparing

MA(5) with the average of past 10 days denoted as MA(10). Specifically:

e If MA(S)>MAC(10), they buy AQ shares.
e IfMA(5)=MA(10), they hold their current position.

e If MA(S)<MA(10), they sell AQ shares.

2.2.3  The Trading Institution: Double-auction

We chose the double-auction mechanism for two reasons. First, major stock, com-
modity and many other markets are organized as double auctions. A classic example of
a double-auction market is the NYSE. Second, laboratory double auctions with human
traders are known to yield data that approximate competitive equilibrium in a variety of

environments®.

5" Itis worth mentioning that' most of the laboratory double-auction markets set the redemption values of the

risky asset exogenously. When these values become endogenous, as Friedman and Rust (1992) point out: ‘we
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Any trading mechanism can be viewed as a type of trading game in which the players
meet at some venue and act according to some rules. These rules dictate who can trade,
when and how orders can be submitted, who may see or handle the orders, how orders are
processed, and how prices are eventually set. It has been recognized that these rules are
very important because they can affect bidding incentives and, therefore, the terms and the
efficiency of an exchange.

Rational expectations equilibrium (REE) rely on a Walrasian tatonnement auction
which has long served the needs of general equilibrium price theory. In this type of auction,
the time at which the orders arrive is not relevant. It is a path-independent proéess. In
this auction, the Walrasian auctioneer, who can observe all the traders” demand functions,
adjusts prices in various markets to equjlibrate aggregate supply and aggregate demand,
which reflects a competiti‘ve‘ équilibrium '( CE ). The key featurex’)f these processes is that
agents are not permitted to trade “out of equilibrium” until the adjustment process has
determined a CE price vector.

By contrast, in a double auction (known by experimentalists as the continuous double-
auction and by practitioners as an open-outcry market) used in this paper, the price is path-
dependent. The time at which orders arrive is relevant. In a double-auction (DA), trans-
action prices arise from a two-sided auction where buyers improve (raise) bids and sellers

improve (lower) asks until one of the buyers and one of the sellers reach agreement.

start to see how the nice properties of DA markets can start to break down in more complicated enviroments
where token valuations arenot specified exogenously by the experimenter but are determined endogenously
and must be inferred by traders over the course of the trading process.”
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In our simplified double-auction market, which is similar to the one in Chan, LeBaron,
Lo and Poggio (2001), traders can either submit a bid (ask), or accept an existing bid (ask).
If a bid (ask) exists for the stock, any subsequent bid (ask) could be higher or lower than
the current one, but only the best bid (ask) price can be observed by traders. There is no
role for the market maker in this setup. A transaction occurs when an existing bid (ask) is
accepted. Given the absence of opportunity to borrow or sell short, traders must trade sub-
ject to their budget constraints. A trader leaves the market when either the market price
equals his reservation price or he runs out of money.

Each trading period contains 40 trading rounds. At the beginning of each trading
round, we assume a random permutation of the traders, which determines the order in
which traders enter the market. Initially, the value traders come to the market with their
own reservation prices and attempt to post or accept a bid (ask) order by comparing their
reservation prices with the existing best ask (best bid). They can only observe the best
bid and the best ask price. Momentum traders go to t‘he’ market with their “buy”, “sell”
or “hold” signals and submit market orders according to these signals. At the end of each
trading period, the last transaction price, or closing price, is recorded as the market price

of this period. Agents trade with each other according to the following scenarios:

e Scenario 1. If the best bid, b, and the best ask, a {(a > b), exist on the market

- If PRI > q, he will post a market order, buy at this ask price;

— If PRJ < b, he will post a market order, sell at this bid price;
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- Ifb < P® < gand PR < (a +b)/2, he will post a sell order at a price of
(PRI + S7);
- Ifb< PR < gand PRI > (a+b)/2, he will post a buy order at a price of

(PRd — ),
e Scenario 2. If only the best ask, a, exists

- If PRJ > g, he will post a market order, and buy at this ask price;

— If PR < q, he will post a buy order at a price of (P4 — §7),
e Scenario 3. If only the best bid, b, exists

- If PRJ < b, he will post a market order, sell at this bid price;

— If PR > g, he will post a sell order at a price of (P4 + §7),
@ Scenario 4. If no bid or ask exist,

~ with equal probability he will post a buy or a sell order at price of (P®7 — S7) or

(PR3 + 89) respectively.

2.3 Experimental Design

The rational expectations equilibrium price, given by equation (12), will be used as

our benchmark for the four experiments. The traders are assumed to work in the following
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environment and the values of parameters follow those used in the Santa Fe artificial stock

market in Arthur et al. (1997).

The risk-free interest rate, r, is fixed to be 0.1. The risk aversion parameter, A, is set to

be 0.5.

Throughout the experiments, we specify the dividend process as equation (7) where
d =05, p =07, and 02 = (.25. Notice that based on these parameters we can

calculate the theoretical REE prices in equation (12).
Traders are assumed to hold an endowment of 2 share and 2000 dollars in cash.

Value traders are assumed to be equipped with an ANN learning mechanism. The
neural network is programmed to leamn the value of the parameters in the rational
expectations equation. The initial starting values of weights for all the hidden nodes

are randomly drawn from a uniform distribution between [-1 1].

Momentum traders are initially endowed with “hold” signals until they get enough
information to form their trading rules. Moving averages of the stock prices are
calculated with equal-weighted parameters. Momentum traders using MA(S) or
MA(10) pricing rules wait for 5 or 10 periods respectively to enter the market. They

enter the market with their “buy” or “sell” signals generated from their trading rules.

The minimum unit of time corresponds to a trading round. Each trading period

contains 40 trading rounds. Each trading round begins with a permutation of the
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traders to determine the order of the participation in the market. The trading round is

completed when each trader is considered in turn.
The market is run for 1000 trading periods.

Each of the four experiments to be described below is repeated 25 times.

Experiment 0 10 value traders in a Walrasian auction

The purpose of this experiment is to check whether the value traders, using their
ANN models, are able to learn the rational expectations equilibrium. The rational
expectations equilibrium is a mapping between next period’s return and the lagged

dividend which is given by equation (13).

Experiment I 10 experienced value traders in a double-auction market
The purpose of this experiment is to test the convergence of prices to the REE with a
double-auction trading institution. Value traders in this experiment are trained in a

market set up for 200 periods before they enter the market.

Experiment 2 10 inexperienced value traders in a double-auction market setup.
The value traders in this experiment are not trained by the presample data before
they enter the market. This experiment is designed to check the effect of traders’

experience on the convergence property.

Experiment 3 10 value traders, 10 momentum traders, among them, 5 traders use

MA(S5) and 5 traders use MA(10).
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The purpose of this experiment is to check the sensitivity of the convergence on this
double-auction market to deviations from rationality. The presence of momentum
traders should add some noise to the market. The rationale for this experiment is to
determine whether the value traders can maintain rational expectations equilibrium
given the existence of some erroneous signals caused by the presence of “irrational”
momentum traders. We call the prices generated from these artificial markets as
bounded rational expectations (BRE) prices. Next section répor[s the time series

properties of BRE prices compared with REE prices.

24 Computational Results

In this section, we compéfe the time series propeftiés of sirhulated dafa, generated
from four bounded rational expectations environments (BRE), with the rational expecta-
tions equilibrium prices. rational expéctations prices are simulated using equation (12).
Prices in the bounded rational environment of the model are generated from the artificial
markets with both the Walrasian and double-auction trading systems. The efficiency of a
market in this paper is measured by how close and how fast the prices converge to REE.
The variables we consider are price deviations and trading volume. Diminishing trading
volumé and price deviation suggest that the market is approaching its equilibrium.

In general, ANN traders are able to learn rational expectations parameters collec-
tively. Convergence to the REE occurs rapidly in Experiment 1, the case of experienced

traders and identical trading strategies. Such convergence occurs more slowly in experi-
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ment 2, where value agents are not trained before they enter the market. In experiment 3,
with the presence of momentum traders, convergence is ﬁnattainable. The reason is that
momentum traders only obey their own trading rules (e.g. MA(S) or MA(10)), which are
not consistent with rational expectations. They disregard the views of value traders, and
value traders are not able to learn those technical trading rules either. The value traders
may not even be aware of the presence of momentum traders. In other words, the funda-

mental value of our stock is not common knowledge.

24.1  General features of each experiment

Before we describe the results of various tests conducted on the simulated data with
respect to the time series properties, we give some flavor of each experiment.

In order to"make valid comparisons, the saihe draws of the random errors, {&,}in the
dividend process equation (7), are used to generate REE prices and BRE prices. Given the
draws of the random errors and the values of exogenous parameters, rational expectations
prices are simulated using equation (12). The rational expectations prices have a mean of
16.61 over 25 repetitions of the random draws.

Experiment 0: In order to isolate the effect of the tradiﬁg system and the learning be-
havior, we construct experiment 0 where 10 ANN agents submit their bids simultaneously
to a Walrasian auctioneer. The auctioneer calculates the market price where aggregated
demand equals supply. As is seen from Fig.1, the price series appears to be nearly identi-

cal to the price in the rational expectations regime. Figure 2 plots ANN expectations and
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rational expectations. The difference between these two are fairly small. In a Walrasian
environment, value traders can recover the REE very well.

The first two panels of Table 3 report the means, standard deviations of the market
prices and trading volumes in this experiment during sample periods of 1-250, 251-500,
501-750 and 750-1000. Agents on this market learn the rational expectations function in
equation (13) very quickly. We observe the reservation price of each agent converges to the
rational expectations price and the bid-ask spreads get narrower due to diminishing uncer-
tainty. Equation (16) indicates that the size of the spread is a function of the uncertainty
embedded in the agents’ expectations. When the variance of their expectations decreases,
the spread gets smaller. As a result, the means of the market prices, 16.59, 16.58, 16.52
and 16.64 for each sample period, respectively, are close to the mean of the REE prices.
Meanwhile, since market price reflects all 'the information and agents hold the same expec-
tations, the trading volume diminishes rapidly, and after certain trading periods, the trading
volume tends to zero. |

Experiment 1: We introduce a more realistic double-auction to replace the Walrasian
auctioneer, while maintaining the homogeneity of the agents. The market participants are
purely value traders. One noticeable feature of this experiment is that we give agents time
to train themselves before we start to record the data. We call those agents experienced
traders. They are identical in terms of their information set, information processing ability,
but heterogeneous in terms of their network parameters. In this experiment, after a certain
period of learning, the homogeneous rational expectations are reached. As shown in Figure

3, the deviations of market prices from REE are bounded and close to zero. Figure 4 shows
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the realized BRE prices and trading volumes. In the lower part of the graph, we see that the
average trading volume approaches zero after roughly 100 periods. Market prices reflect
all the pay-off related information, and trading ceases. This result confirms Tirole’s famous
“No-trade Theorem” in Tirole (1982).

The first panel of Table 4 shows the mean of the market prices and volume in this
market. After certain periods, the mean of the market price tends to the one of REE prices
and trading volume diminishes. The second panel of Table 4 reports the standard deviation
of BRE prices from RRE prices. The standard deviations in general are larger than the ones
in experiment 0, but they decrease quickly. It suggests that even though the double-auction
trading system causes some friction, value traders are still able to learn the REE prices after
acquiring experience.

Experimeni 2: This experiment has ,'a set-up identical to that of experimént 1 except
that the value traders in this experiment are not given time to train their neural network
model before they enter the market. In the early period of th‘is experiment, the market shows
relatively high price deviations. Compared with the first experiment, convergence is slower
and the price deviation is bounded in a wider range. Figure 5 plots the price deviations
from REE prices for both experiment 1 and experiment 2. It is clear that the deviation of
the market pricés in experiment 2 is more volatile than the ones in the experiment 1.

The first two panels of Table 5 show that market prices approach the REE price slowly
and the variance of the market prices decreases in the later sample period. Overall the value
traders do learn the REE prices but the learning takes a longer time. The standard devia-

tions in the second panel stay larger than the ones in Table 4 in experiment 1. The reason
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for this could be that the ANNSs in this market are not pre-trained by any market data. The
difference between experiment 1 and 2 can be interpreted as the difference between experi-
enced traders and inexperienced traders. In the inexperienced traders case, the convergence
to REE is slow. This result is consistent with Camerer and Weighelt (1992). This result can
be related to the difference in price behavior for new public issues of stocks and long out-
standing stocks. For new public issues of stocks, there is no historical data available to train
traders. In this case, we observe high volatility in market prices compared with experiment
1.

Experiment 3: This expeﬁment adds another layer of complexity by allowing hetero-
geneity among market participants. In this experiment, we introduce momentum traders
who obey only technical trading rules and do not use pay-off relevant information about
dividends. In experiment 3, with the presence of irrational momentum traders, conver-
gence appears unattainable. Figure 6 shows the market prices, and the price deviations
from REE prices. There is no tendency for the price deviations to diminish with time. The
figure shows that the value traders have difficulty learning the REE prices in the presence
of the noise traders.

The first two panels of Table 6 present the mean and the standard deviation of market
prices and trading volume in experiment 3. In this experiment, the variance in the market
price hardly decreases over the periods and the trading volume persists through all the
sample periods. These results suggest that the value traders have difficulty learning in the
presence of another type of trader. This result is in contfast to the findings in Gode and

Sunder (1993) “zero intelligence” (ZI) traders case, but it is consistent with the results in
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Camerer and Weighelt (1992)’s laboratory market. The difference in the results is explained
by the market setting. In the ZI case, the return of the risky asset (“redemption value”)
1s exogenous and set by the designer. In our experiments, this end-of-period return is
determined endogenously and must be inferred by traders over the course of the trading
process. In this case, convergence is more difficult to achieve than in the ZI case.

Correlations: Now we take a closer look at each experiment through the correlations
between BRE prices, and REE price as well as the correlations between price changes and
trading volumes.

In non-parametric learning, the correlation between REE and BRE prices should in-
crease over time. Correlation coefficients are presented in Tables 3-6 for the four sample
periods: 1-250, 251-500, 501-750 and 751-1000. Average correlations over the 1000 peri-
ods between REE and BRE prices should increase over time as the learning algorithm of
the bounded rational environinent converges to the REE. This result may not hold in an ir-
rational environment. Correlation coefficients are presented in Tables 3-6 in the third panel.
The REE prices sequence is computed using equation (12). BRE prices are endogenously
determined by the conditions of the experiment. For each simulation, the correlation be-
tween the two price sequences is computed for each period. The tables report the average
correlation over the 25 repetitions.

For the first and the second experiments, we find similar evidence that REE and BRE
prices have a higher correlation coefficient in the later periods of the simulation. The same
pattern fails to hold for experiment 3. For experiment 3, the average correlations are 0.15685,

0.1760, 0.1762 and 0.1912 (Table 6). This experiment suggests that the value traders have
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difficulty learning the REE prices. As aresult, the BRE prices show small correlations with
the REE prices and the correlations hardly change in the later sample periods.

Andersen (1996) among other studies find evidence of a positive relationship between
the volatility of price changes and trading volumes in stock markets. The correlation be-
tween the size of price changes and trading volumes in the boundedly rational environment
will indicate if environments conform to the empirical evidence.

Our results reported in Tables 3-6 in the third panel, second column, are qualitatively
similar across all experimental settings in the ANN learning environment. First, correla-
tions between absolute changes in BRE prices and trading volumes are all positive. Second,
correlation coefficients decrease over the sample. For example, in the experiment with the
presence of homogenous experienced value traders, the correlation coefficients are: 0.3411,
0.2732,0.1742 and 0.083 for the four sample periods respectively (Table 4). In the last ex-
periment, with the presence of noise traders, correlations are nearly constant throughout the
entire sample (Table 6): 0.5424, 0.5044, 0.5321 and 0.4867. Agents are not able to fully
extract information from endogenous prices, and actively trade on the basis of expectations

differences.

2.4.2  Time series features of BRE prices

In the previous section we discussed the general features of each experiment. In this
section we present some statistical tests on the price series of the markets. Under the null
hypothesis of a linear homogeneous REE, price and dividend should be a linear function of

a lagged dividend. This is clear from the dividend process in equation (7) and the dividend
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to price mapping (12). To check this, the market price and dividend is regressed on a lag of

the dividend and a constant term as indicated in equation (13):

Pt+1 -+ Dt+1 = ¢y + ClDt + &:. (17)

In the homogeneous REE this estimated residual series ¢; should be independent and iden-
tically distributed, N(0, 1.89). (See Appendix 2). This regression is estimated for experi-
ments 1, 2 and 3. Results are given in Table 7.

The first column of Table 7 shows the variance of the residuals from all three exper-
iments. All three cases show a higher variability than 1.89 but to different degrees. The
first two experiments are very close. The next column gives the excess kurtosis, which
should be zero under normal distribution. In the three experiments, i:he third one shows a
significant amount of excess kurtosis. The third column presents the autocorrelation in the
residuals. In the first two experiments, the autocorrelation are small and are close to zero.
The residuals appear to be correlated in the third experiment.

In general, the case of heterogeneous preferences and trading strategies generates a
market that exhibits richer “psychology”. It is consistent with the fast learning case in the
Santa Fe artificial stock market of Arthur et al. (1997). It is not consistent, however, with
the attainment of a REE.

The results in experiment 3 appear to be different from those in experiment 1. In the
third experiment, a large proportion of the variance in the prices and dividends remains to

be explained.
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What are other potential explanatory variables? To answer this question, two other
technical indicators used by momentum traders are added to the simple linear regression of

price and dividend on the lagged dividend,

Pipi + Doy = g + Dy + eolypags) + calipraqo) + Eigr- (18)

Here the first indicator variable is a 5-period moving average indicator, which is
equals to one when price is above the 5-period moving average and zero when price is
below that level. The second indicator variable represents whether the 5-period moving
average price is above the 10-period moving average. Table 8 shows the average of regres-
sion results for equations (17) and (18) for only experiment 3. The numbers presented in
the Table 8 are the average of the estimated parameters and average R? values. The stan-
dard deviation over the 25 repetitions are given in parenthesis. The results show that both
technical indiéators add significant predictability. The parameters are small but statistically
significant. The R? values in the last column conﬁrms the fact that adding technical trading
indicators explains a higher proportion of the variance in price and dividend.

It is obvious that in the presence of momentum traders, ANN traders cannot drive
the market price 'to the rational expectations equilibrium. They cannot pick up the part of
the variation which can only be explained by the technical indicators. To understand this
question more clearly, we need to look at the market microstructure aspect in terms of order
flow.

A concrete example will help. In the experiment with only value traders, the in-
dividual reservation price serve as a mean-reverting device to drive the market price to

equilibrium by adjusting their positions. Consider a two-trader case. Suppose for certain

62



periods, Trader 1 keeps bidding high and buying stocks from Trader 2 and this buying pres-
sure drives up the market price. As a result, Trader 1 has a large stock holding and hence
a relatively low reservation price. Trader 2, however, has a higher reservation price. Since
agents will not buy above or sell below these prices, it is impossible for Trader 1 to buy
shares from Trader 2, since the limit buy order that Trader 1 posted is always below Trader
2’s reservation price. Therefore, the low-reservation-price trader could only possibly be a
seller, by which he could reduce his holding level until it reaches the optimal holding. This
selling pressure will drive the market price to its equilibrium. With the presence of the mo-
mentum»traders, however, the link between the reservation price and the market price is
broken. Since even in the case where Traderl posts a low bid quote, it is still very possi-
ble for a momentum trader to “sell at the market”, since they are not rational traders. As a
result, a high-position trader still keeps increasing his holdihg leVel, and this will drive the
market price a long way away from its equilibrium level. Convergence to the REE fails. In
this case, minimal rationality seems insufficient to produce convérgence to REE prices.

To check whether the large divergence in experiment 3 originatés in the trading in-
stitution, it would be interesting to replace the double-auction in this experiment with a
Walrasian auction, and then compare the market dynamics from these two different trad-
ing institutions. Unfortunately, we cannot perform this test since the 10 momentum traders
have no demand functions to submit to the Walrasian auctioneer. In this case, it is impossi-
ble for the Walrasian auctioneer to find a market clearing price since the link between the

individual demand and aggregate demand is broken.
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2.5 Conclusions and Future Research

Our artificial double-auction market is capable of generating behavior close to REE
under certain circumstances. The speed of convergence varies across each trader’s expe-
rience. When irrational traders emerge, the market is driven by more noise factors other
than just fundamental trading. The convergence is unattainable in this case. The value
trader cannot learn the chartists’ strategies: they may not even realize the existence of the
chartists. But it is still not clear whether the observed market inefficiencies should be at-
tributed to the learning effects, or to other differences in trading institution design.

When the intrinsic value of the risky asset becomes endogenous, the convergence is
sensitive to deviations from rationality and minimum rationality. As we saw in experiment
3, it is not sufficient to converge to REE.

Somé interesting hypotheses that can be tested on this market include informational
efficiency, the role of market transparency and market microstructure. Another interesting
extension to this initial work is related to the choice of marke’t mechanism. In this chapter,
we have used a double-auction framework. It would be appealing to simulate different types
of auctions or to endow some participants with more market power to observe whether and

how they could comer a market.
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2.A Appendix 1

We assume each value trader possess a ANN(1-3-1) model. They have similar

structures, but there are differences in the initial values of the parameters.

Five steps are taken to form the prediction of next period’s return and risk.

1. Initialize a network with K hidden nodes (K = 3), J inputs (J = 1) and one
output. The parameters start with initial values drawn

from a uniform distfibution whose range is set at [—1,1]. |

2. Forecast with the current values of the parameters. An input at time t is presented

to the network and forwarded through the network as follows:

K

V= h(z e f (8, X + ) + ), (19)

‘ k=1 , ,

where 8, = [B11, Bezs - Bral's X = [X1, X, ., Xy) and v = [’Y1,’Y2,---e vkl F()

is the logistic function, f(u) = [1 + exp(u)]“l, rand hisa liﬁeér function, h(s) = s. The

signals, X, here containing only one element, the dividend, are transmitted to the hidden

neurons by a logistic function. The outputs of the hidden units is then weighted again, and

are then summed and transformed by A(-). At the beginning of each period, we include the

most recent dividend in the input layer. Each trader invokes his own network to forecast
the return in the next period.

3. Compute the forecasting error. At the end of each trading period, when the market

price and dividend are revealed, the sum of squared deviations between the output of the

network and the target are computed as:
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t
BRR, = 53 (- ()" (20)

4. Estimate the parameters. Given an input and output pair X, Y}, the estimation
of all the parameters in this network is done by minimizing the sum of the squared errors
above. The optimization is done by a conjugate gradient algorithm.

5. Update the forecasting errors. At the end of each trading period, agents update
their estimated conditional variances according to an exponentially-weighted avérage of
squared forecasting errors,

03 prstDiss = 0P+ Dy = By (P + D1))* + (1= 0)0% 5, (21)

This variance will be used in traders’ demand function (10), the reservation price
functién (14) and the spread function (16). We keep these values fixed inside each trad-
ing period, updating them according to etiuation (21) at each invocation of ANN. In our

experiment, § is fixed to be 0.013. (This is the value choose by the SFI artificial stock

market.)
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2.B Appendix 2

We calculate the homogeneous REE for the case where we assume market price is a

linear function of the dividend
P =fD;+g, (22)

We then calculate f and ¢ from the market conditions at equilibrium.

Under full information and homogeneous expectations, Eq. (11) can be rewritten as
Ey[Per + Dy — (14 7)P)

y\ o2
)\UPt+1 +Diy1

Q
=% (23)

by omitting the index j from the expectation operator.

From the dividend process in Eq. (7) and the linear assumption in Eq. (22), we can
calculate the variance of this forecast as

6%p=(1+ )%, | | (24)

where ag is the variance of the error term in dividend process.
Substituting the dividend process in Eq. (7) and the linear assumption in Eq. (22)

into Eq. (23), we can calculate the homogeneous REE forecast as

EPi1+Der] = 1+ HIA = p)d + pde] + g (25)
where
_ p
I= 14+7r—p )
g = Ta+NA-A1+ DD

Rearranging this equation we have the expression in Eq. (13), which is the homoge-

neous REE forecast that we seek.
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Substituting the expression g into the price function in Eq. (22), we have the REE

price shown in Eq. (12).
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Table 3. Summary Statistics for Experiment 0

Market: Price Trading Volume

Mean:

Periods 1-250 16.59 1.2680

Periods 251-500 16.58 0.0000

Periods 501-750 16.52 0.0000

Periods 751-1000 16.61 0.0000
Standard deviation:

Periods 1-250 0.8680 0.2680

Periods 251-500 0.8437 0.0000

Periods 501-750 0.8221 0.0000
Periods 751-1000 0.8259 0.0000
Correlation: REE and BRE prices Prices changes and volume

Periods 1-250 0.5223 0.40

Periods 251-500 0.9211 NA

Periods 501-750 0.9321 NA

Periods 751-1000 0.9389 NA

Note: The numbers reported in this table are the average over the 25 repetitions of the same experiment.
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Table 4. Summary Statistics for Experiment 1

Market Price Trading Volume

Mean: ~

Periods 1-250 17.96 3.7813

Periods 251-500 16.87 0.0000

Periods 501-750 16.84 0.0000

Periods 751-1000 16.26 0.0000
Standard deviation:

Periods 1-250 1.6880 0.6280

Periods 251-500 1.4387 0.0000

Periods 501-750 1.1421 0.0000

Periods 751-1000 0.8925 0.0000
Correlation: REE and BRE Prices changes and volume

Periods 1-250 0.4565 0.3411

Periods 251-500 0.6756 NA

Periods 501-750 0.8762 NA

Periods 751-1000 0.9211 NA

Note: The numbers reported in this table are the average over the 25 repetitions of the same experiment.
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Table 5. Summary Statistics for Experiment 2

Market Price Trading Volume

Mean:

Periods 1-250 17.46 4.7318

Periods 251-500 17.11 3.1387

Periods 501-750 16.87 2.1055

Periods 751-1000 16.82 2.1631
Standard deviation: -

Periods 1-250 1.8086 0.7801

Periods 251-500 1.8342 0.6752

Periods 501-750 1.5210 0.5091

Periods 751-1000 1.2109 0.4210
Correlation: ' REE and BRE Prices changes and volume

Periods 1-250 0.3125 0.4412

Periods 251-500 0.4761 0.3109

Periods 501-750 0.6760 0.2770

Periods 751-1000 0.8211 0.1838

Note: The numbers reported in this table are the average over the 25 repetitions of the same experiment.
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Table 6. Summary Statistics for Experiment 3

Market Price Trading Volume

Mean:

Periods 1-250 20.12 3.8913

Periods 251-500 22.61 2.8907

Periods 501-750 26.21 2.8052

Periods 751-1000 28.43 2.7011
Standard deviation:

Periods 1-250 4.6829 0.7208

Periods 251-500 3.5607 0.6741

Periods 501-750 4.4211 0.4221

Periods 751-1000 4.1225 0.4211
Correlation: REE and BRE Prices changes and volume

Periods 1-250 0.1565 0.5424

Periods 251-500 0.1760 0.5044

Periods 501-750 0.1762 0.5321

Periods 751-1000 0.1912 0.4867

Note: The numbers reported in this table are the average over the 25 repetitions of the same experiment.
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Table 7. Basic Summary Statistics for the Residuals and Trading Volumes

Experiment | Variance | Kurtosis P Trading Volume
Experiment 1 1.91 0.33 0.036 0.25
(0.12) (0.31) 1 (0.007) (0.03)
Experiment 2 2.93 0.71 0.078 0.96
{0.65) (0.56) | (0.012) (0.05)
Experiment 3 4.23 4.76 0.351 2.42
(0.97) (1.01) | (0.098) (0.11)

Note: The experiments are run for 1000 periods and 25 times for each. The

statistics shown in this table are the average over 25 runs. Numbers in

parenthesis are standard errors estimated using the 25 runs: The kurtosis

reported is excess kurtosis. The trading volume is the average value for

each period over all rading periods.
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Table 8. Regressions on Fundamental and Technical Indicators

Regression equation | constant | D Inga) | Imagoy | R®
Eq.(11) 465 | 185 | NA NA | 043
(0.08) | (0.54) (0.05)

Eq.(12) 4.21 2.02 0.054 0.086 0.57

(0.13) [ (0.87) | (0.023) [ (0.034) | (0.08)

Note: The numbers in the parenthesis are the standard errors estimated in the 25 runs.
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Chapter 3

Endogenous Entry and Inter-dealer Markets

3.1 Introduction

Inter-dealer markets have received relatively little attention in the literature. Until
recently, little research has addressed the microstructure of inter-dealer markets (IDM) in
which dealers have a choice of trading directly with each other or trading in an inter-dealer
broker market. While a direct inter-dealer market is quote-driven, a brokered inter-dealer
market (IDB) resembles a screen-based order-driven market.

Some variation in the usage of IDBs exists across different dgalcrship markets. For
example, over 90% of interdealer trading is ‘by IDB in the US Treasury market (Fleming
and Remolona 1999). For the Canada government bond market, IDB trading accounts for
85% of total trading volume in 1998 (Gravelle 2002). The most recent BIS survey indicates |
that 98% of inter-dealer trading is conducted through IDB for UK government bonds. In
contrast, Evans and Lyons (1999) shows that for FX, 50% of inter-dealer trading is on the
IDB market, and that IDB accounts for 40-60% of total inter-dealer trading on the London
Stock Exchange. This leads to the following question: why do dealers in markets like
those for government securities tend to rely almost exclusively on interdealer brokers when
conducting trading amongst themselves, while dealers in FX or the LSE trade bilaterally to

a greater extent? '
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Lyons (1996) suggests that IDBs play a role in the information extraction process
for FX dealers. Lyons posits that dealers endeavour to ascertain market-wide order flow
information by observing the order flow passing through all IDB systems. In a decentral-
ized market, this information is vital since it signals information that market makers have
gathered from public orders or from other private sources. Recent work by Viswanathan
and Wang (2000) shéws that dealership markets with interdealer trading are preferred by
customers under certain market structures. Viswanathan and Wang (2002) explain that cus-
tomers prefer to trade in hybrid markets where small orders are routed to an order-driven
market and large orders to a dealership (or upstairs) market.

However, these studies are unable to explain fully why dealers choose to use IDBs to
execute interdealer trades instead of bilateral interdealer transactions. As well, the issues
of why we observe proportiohally mofe IDB trading in govemment security (GS) markets
versus equity dealership markets remain unanswered. Does the scale of inter-dealing trad-
ing or IDB trading have an effeci on the liquidity offered by dealers to customers in terms
of bid-ask spreads, depths, or volumes? How does a decentralized multi-dealer market ar-
rive at a particular level of IDB usage? Why do direct inter-dealer markets and brokered
inter-dealer markets coexist simultaneously?

One possible explanation for the greater use of interdealer brokers in GS markets
relative to other markets is that GS market makers receive orders that, relative to their
desired (risk-adjusted) inventory levels, are on average larger as well as less frequent than
their counterparts in dealership equity markets. Both Proudman (1995) and Vitale (1998)

note that the U.K. Gilt market is characterized by large and infrequent order flow relative
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to that observed in the UK. equity market. Since institutional investors (such as pension
funds, mutual funds and insurance companies) are the dominant GS customers, the order
flow observed by GS market makers is relatively large.

Thus, the fundamental questions addressed in this chapter are the following: Under
what circumstances would a dealer prefer trading in a direct inter-dealer market to a bro-
kered inter-dealer market? Under what circumstances would a dealer enter into market
making? Would a hybrid inter-dealer market that allows a dealer to have a choice between
direct inter-dealer markets and a brokered inter-dealer market improve a customer’s welfare
relative to an exclusive dealership structure?

In this chapter, the focus is on the determinants of a dealer’s choice of inter-dealer
markets as well as on the dealer’s decision on entering into market making for a security.
To this end, the ’paper compares customer welfare across three ma’i'ket‘ structures; namely,
direct inter-dealer, brokered inter-dealer and hybrid inter-dealer markets.

We construct a three-stage : model to study dealers’ choice of interdealer trading
venue. At the first stage of the model, dealers make their decision on Whether or not to
enter market-making for the security. At the second stage of the model, each dealer makes
a quote to a customer and the customer chooses to trade with the dealer who provides the
best quote. At the third stage, the dealer decides whether he wants to unwind his inventory
obtained by trading with a customer by trading directly with another dealer, or whether to
submit a sell order to the inter-dealer broker.

We model the direct inter-dealer market as a price competition game. We assume all

the bargaining power is on the customer side and that the dealer competes for customer
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orders. This is not a strong assumption. Empirical studies ( Lee 1993, Ready 1999 and
Stoll 2001) provide evidence on price improvement across different markets (i.e., effective
spreads are shown to be smaller than the quoted spreads). Dealers have an incentive to at-
tract incoming customer orders by allowing customers to trade within the quoted spreads.
Consequently, this price competition among dealers has the result that no dealer expects
to gain positive surplus in equilibrium. In contrast, the inter-dealer broker system is mod-
eled as an order-driven system where dealers pay fixed brokerage fees in order to submit
their orders to the broker. The broker clears the market and determines a price. All the
dealers behave strategically by considering the impact that their orders have on price. In
equilibrium, dealers expect to achieve a positive expected utility.

Tradingrmotivation in the inter-dealer market results from the dgaler—customer trade
in the secohd ’stage. Although ‘We assuine that the customer dqes ‘not‘,p‘/osses:s anyi private
information about the value of the asset, the customer’s order itself still carries non-payoff
related information such as the paﬁial information on market demand and supply, which
the trading dealer can further explore on the inter-dealer ‘rnarket.

We demonstrate that the dealer’s third stage choice of inter-dealer trading venue de-
pends on the number of dealers who provide market making due to the built-in institutional
features of the two inter-dealer venues. In the direct inter-dealer market dealers compete
on price. The risk-sharing opportunities offered by this market is independent of the equi-
librium number of dealers as long as two or more dealers compete for the incoming inter-
dealer order flow. In contrast, the risk-sharing opportunities increase with the number of

dealers in a brokered market. We show that a critical number of dealers exists at any point,
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and that the risk-sharing benefit offered by the brokered market outweighs the benefit of
competitive price in direct inter-dealer markets when the equilibrium number of dealers
exceeds the critical number of dealers.

Recently a growing number of papers examine market competition in an inter-dealer
trade setting. Volger (1997) develops a model that compares a dealership market to an auc-
tion market. He models the dealership market as a two-stage game where dealers first trade
with customers and then trade among themselves in an inter-dealer market. Volger shows
that the price offered by the dealer to the liquidity customer depends on the risk-sharing
opportunities in the inter-dealer market. For a liquidity trader, his model predicts that the
dealership market provides a better price. Naik, Neuberger and Viswanathan (1999) de-
velop a two-stage theoretical model with inter-dealer trading to examine how customer
welfare is affected under two trade-disclosure regimes. They show that dealership mar-
kets with a full disclosure requirement may reduce the welfare of risk-averse customers.
The authors also show that an increase in post-trade transparency hinders the execution of
large trades and tends to benefit small traders. Viswanathan and Wang (2002) examine the
welfare of customers achieved across three different market structures: limit order-book
market, dealership market and a hybrid market which is a combination of both an order
book and a dealership market. To study these market structures, the authors use a discrim-
inatory price auction, a uniform price auction and a hybrid of these two. They find that
a hybrid market can dominate the dealership market and the limit-order book market. In
their paper, there is no inter-dealer trading. Viswanathan and Wang (2000) investigate the

importance of inter-dealer trading with a two-stage model. Comparing an order book mar-
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ket with a dealership market followed by a second round of inter-dealer trading, they show
that the dealership market with inter-dealer trading improves customer welfare.

Our study differs from these papers in several important ways. First, the existing
literature on inter-dealer trading only considers one type of inter-dealer trading, namely,
the order-driven, inter-dealer broker (IDB) market. None of the papers model quote-driven,
direct inter-dealer trading. We explicitly model the two types of interdealer markets and
the competition between these two markets. Second, unlike the literature that focuses on
customer éhoice among different market structures, we focus on the dealer choice of trading
venues, as well as the impact of those choices on the welfare of customers. Third, unlike
the existing literature, we study the endogenous entry of market-making activity.

The rest of this chapter is organized as follows. In Section 2, we describe the model in
general terms. Secﬁoh 3 characterizes the equilibrium in th¢ ihter—dealef trading round, and
dealer choice on inter-dealer markets. We recursively solve for equilibrium in a customer-
dealer trading round in Section~4. Section 5 analyzes the choice of endogenous entry and
characterizes the necessary and sufficient conditions for the existence of the equilibrium
number of dealers becoming active market makers, as well as their impact on customer

welfare. Section 6 concludes the chapter.

3.2 Overview of the Model

The model is constructed as a three-stage game to study the dealer’s choice of inter-
dealer market, and the impact of this choice on the welfare of a public investor. At the first

stage, dealers decide whether or not to enter the market based on expected excess returns.
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The dealer decides to enter only if the expected return from market-making is no less than
the cost of being a market maker. At the second stage of the model, an external customer
ask for quotes from dealers, and only trades with the one who offers the best quote. At
the third stage of the model, the dealer who has taken the customer order, decides whether
he wants to rebalance his portfolio bilaterally with another dealer or go to the inter-dealer
market to do so.

The motivation for inter-dealer trading in the third stage results from the second stage
customer-dealer trade. We argue that even when customer order flow does not carry any
pay-off relevant information, the dealer can still speculate on it since it conveys partial
information on the demand condition of the market. At this stage, the trade between the
customer and the trading dealer is not disclosed until the end of the inter-dealer trading
round. This assumption partially resembles many feal—world markets, such as those for
government bonds and FX, which are fully opaque with respect to customer-dealer trades.
The recent transparency literatufe~ argues ihat dealers offer a better quote for customers
under an opaque regime, since it gives a dealer an incentive to attract customer order flow,
and to recoup the incentive in a later trading round (see Lyons 1997 and Madhavan, 1995).
We adopt their convention that dealers compete for customer orders.

In the third stage, the dealers’ choice on inter-dealer markets depends on the equilib-
rium number of dealers who enter market-making in the first stage. Since the direct inter-
dealer market is modeled as a price-competition game, the equilibrium price and quantity
become independent from the number of dealers available on the market as along as more

than two dealers compete for the incoming flow. Since the trade is bilateral, the risk sharing
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opportunity offered by the direct inter-dealer market is independent of the number of deal-
ers available on the market. In contrast, the equilibrium price and the opportunity for risk
sharing are always a function of the number of dealers in a brokered inter-dealer market.
The greater the number of dealers, the closer the results are to those in perfect competition.
The inventory-rebalance cost and the risk-sharing opportunity is a function of the number
of dealers who engage in market-making. Thus, at any point in time, a critical number of
dealer exists such that the risk sharing benefit of the brokered market outweighs the price
competiti\}e benefit of the direct market if the equilibrium number of dealers exceeds this
critical number.

Since trading through the brokered inter-dealer market generates positive expected
returns and requires a fixed cost for the brokerage fee, we derive the equilibrium condi-
tions, using comparative statistics, for the equilibrium’number of dealers who enter market
making when inter-dealer trading is conducted through the broker.” We obtain a simple
characterization of the equilibrium number of dealers. We show that a sufficient increase
in asset volatility, volatility of customer order flow and in the risk aversion of dealers can
cause a shift of order flow from the direct to a brokered inter-dealer market.

The welfare of customers depends on the price that the customer is able to obtain
from the dealer at the second stage, and, in turn, this depends upon which inter—déaler
market prevails. We show that a large institutional trader is not worse-off when the dealer

is given a choice between the two types of inter-dealer markets.
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We now present the model more formally, and introduce some notation which is used
later in this chapter. The model is a three-stage game and the game is solved by backward
induction. The sequence of the events is as follows:

Stage 1: N out of an existing pool of dealers A = {1,...N} decide to enter the
market-making for a risky security. A dealer makes the decision to engage in market mak-
ing activity by comparing the expected utility of being a market maker for a risky asset with
that of not entering the market. The risky asset has a liquidation value of F’ that follows a
normal distribution with E(F') and variance of var(F'), and the opportunity cost of money
is normalized to zero. We assume that no market participant has private information about
the future liquidation value F. Each dealer has a negative exponential utility function with
risk aversion parameter A. We define the expected utility of not trading as the reservation
utility, UR. The reservation utility is equal to -1 when wealth equals zero. Dealers choose
to enter market-making when the expected utility is greater than or equal to this reservation
utility.

Stage 2: An outsider customer, who wishes to trade C units of the risky asset (ex-
ogenously set) far liquidity purposes, asks the dealers for quotes. Then he trades with the
dealer who offers the best quote. In the case of several best quotes, the customer randomly
chooses one dealer [ to trade with without splitting the order. If C is positive, the customer
pays a price of P, per unit for purchase of C units from the dealer. If C is negative, the
customer receives a price of P, per unit from the sale of C units to the dealer. 7 is a set of

indexes of dealers who provide the best quotes, and is given by:
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. o min(Pg,j)?;l ifC >0
1= {Z = { max(P, )}, if C <0 (26)

Therefore, f is a random variable such that

1 .
q—ﬁforz €T

0, otherwise. (27)

mu:@;{

#Z is the cardinality of Z.

The price dealers quote to the customer depends on their conjectures about the trading
opportunities in an inter-dealer market at stage 3 and on the bargaining power of the two
counterparties in stage 3 of inter-dealer market trading.

Stage 3: The N-1 dealers who did not trade with the customer during stage 2 set
quotes at which they are willing to trade with the dealer I. The incentive for N —1 déaalers
sharing the inventory risk with dealer I is giyen by a risk premium that they charge on the
dealer I. Dealer I decides whe‘thér’ he wants kto’ adjust his position by trading with one of
the N-1 dealers directly or posting an order with a broker at a fixed positive cost of K. We
- assume dealer I cannot split his order between dealers or between two inter-dealer markets,

as in Naik, Neuberger and Viswanathan (1999) and Vogler (1997).

3.3 Equilibrium of Inter-dealer Trading in Stage 3

The game among the dealers is solved by backward induction, i.e., we solve first
for an equilibrium in the brokered inter-dealer market P! , % and the one in the direct

inter-dealer market P¢ , Q4. Given these equilibrium prices and quantity, we solve for the
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equilibrium price and quantity in the public market. Throughout our discussion, we assume
that dealer I sells C units of the risky asset in stage 2 to a customer and buys Q9 units at
stage 3. The analysis is analogous when the signs of the transaction are changed.

We use the following assumptions in the remainder of this chapter.

Assumption 1: Utility function of all dealers is a negative exponential function in
wealth with constant absolute risk aversion (CARA).

Assumption 2: The fundamental value F' and, in turn, the wealth are normally dis-
tributed.

Assumption 3: Dealers behave symmetrically to positive or negative customer order
flow. Therefore we solve the equilibrium assuming that dealer 1 sells to the customer at
Stage 2 and buys from other dealers at Stage 3. Thus, the proofs are analogous when the
signs of the transabtions are changed. ’

Assumption 4: The customer is a liquidity trader ( i.e., the strategic behavior of

customers are not modeled in this chapter).

3.3.1 Direct inter-dealer market

Suppose that dealer I chooses to trade in the direct inter-dealer market to buy Q%
units of the risky asset. Each dealer j among the rest of the NV — 1 dealers quotes a supply
schedule Ps ;(Q%), and the one who quotes the lowest price sells Q¢ units to dealer 1. If
more than one dealer offers the minimum ask price, dealer I chooses to trade with one of
them randomly with equal probability. We denote the set of N — 1 dealers as N/ ™7; that is,
the set of dealers excluding dealer I. The transaction price at stage three P{ is defined as

the minimum price among all the ask prices:
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Pi=min{P;;:j€ N1} (28)

Formally, we define 7 as a set of indexes of dealers who provide the best quotes, or:

J = {] . P3,j = min{Pg,j ] € NﬁI } (29)

and J as a random variable such that

_ A forje J
=4)=4 #J
Pr(J=7) { 0, otherwise. ’ (30)

where #.7 is the cardinality of 7.
Given that the N —1 dealers are homogeneous, we now focus on the decision problem

of a represeﬂtative dealer, dealer j. Dealer j decides on Py such that,

MazE(U;) = E|~ exp(—-/\Wj)] (31)

where the change in wealth after the trade is given by

0 if Ps;=P{andJ#j ,with probability =2

7 =
W { Q4P ;—F) if Pyj=P{andJ = j, with probability 7= (32)

Dealer I, who traded with the customer during stage 2, decides on the quantity Q¢ to

maximize his expected utility which is given by

MazE(Up) = E[—exp(—AWi)], (33)

with wealth as defined by
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Wi = (Q4 — C)F + CP, — QiP§ (34)

Proposition 1 Given assumptionsl-4, the direct inter-dealer market equilibrium quan-
tity Q¢ and price P§ are given by
1
Q5 =5C (35)

P! = E(F) + %Avar(F}Qg.

The proof for this proposition and all following propositions are given in the Ap-
pendix.

At equilibrium, dealer I posts an order which is equal to half of his inventory, C, at a
price which is above the expected value of the asset. Since P§ is an ask price, %/\'uar(F )Q$
is the half bid-ask spread which is the risk premium that dealer 7 charges for providing risk
sharing to dealer /. The spread is an increasing function Qf the size of dealer I's order,
dealer j's risk aversion and the uncertainty of the liquidation value F. The bigger the order
size, the higher the price dealer / has to pay to the rest of the dealers to absorb the excess
quantity. Substituting the equilibrium price and quantity into the expected utility function
(31), we obtain the reservation utility. This equilibrium confirms that dealers set a price
schedule so that they are indifferent between absorbing the quantity at a higher price and

not undertaking on any position in the risky asset.

3.3.2 Brokered inter-dealer market

Now suppose dealer I chooses instead to pay a fixed brokerage fee of K to place

an order through the inter-dealer broker.” In this inter-dealer broker market, each market
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participant places his order simultaneously. As a result, dealer / maximizes his utility over
his demand and the rest of the N — 1 dealers maximize their utility against their supply
curves.

We assume that dealer 7 conjectures that the other IV — 1 dealers submit orders which
are a linear function in prices and we show that the conjecture is true at equilibrium. Dealer

I maximizes his utility against his order size @} given as

MazE{~ exp[~A((Q} - C)F — Q4! + CP} — K)]}, (36)

where P? is the market clearing price at stage 3, and P? is the price dealer I trades at with

the customer at stage 2.

Proposition 2 Given assumptionsl-4, the linear rational expectations equilibrium in

a brokered inter-dealer market is given by

Qb = (N-1) N—3)C
b v N b (37)
P3 = E(F) + m/\UGT(F)Qg

where Q5 is the quantity dealer I trades with the rest of the dealers, P is the market
clearing price, and Djjjea is the demand of each of the other N —1 dealers. Since Q%
must be positive, N > 3 is the market opening condition for the brokered inter-dealer

market.

In the brokered equilibrium, the orders of dealers and the clearing price are all linear
in dealer I’s inventory —C. After selling C units of the risky asset to the customer in stage
-1)(NV-3)

2, dealer I buys back a fraction RSN of C' at a price which is above the expected

value of the asset at stage 3.
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When N is finite, this equilibrium characterizes an imperfect risk sharing. It is easy to

show that the position of dealer [ in the risky asset after inter-dealer trading is — (—N(NT;EZ—Z—C.
Each of the rest of the NV — 1 dealers net position in the risky asset is Dﬁ-”g = -(—1-5%“)—?_—50.

It is easy to check that the asset holdings of dealer [ is larger than each of therestof N — 1
dealers since | — i 13(’\’1)22)20 | > |- (—Jé—fl’)—;‘)_—z-m for N > 3. More precisely, the smaller the
number of competing market makers, the higher dealer I’s portion of the customer’s order.
Dealer [ bears the price risk by holding an unhedged position. Later we show that dealer
I charges the customer a risk premium to bear inventory risk for the fraction of the risky
asset that he does not buy back.

As N — oo, the quantity that dealer / buys back, Q%, tends to C and the clearing
price is equal to the expected value of the asset. That is, as long as N is finite, dealer T
restricts his order monotonically and retz;ins a fraction of his Stage 2 inventory. However,
as N — oo, the brokered market equilibrium price, P?, tends to the unconditional mean
of the liquidation value, E(F), and the amount , %, that he can buy tends to C, which

characterizes perfect risk-sharing.

3.3.3  Dealer’s choice of inter-dealer market

To determine dealer I's choice of inter-dealer market we need to compare the ex-
pected utility he receives by trading in direct inter-dealer markets with that obtained by

trading through a broker.
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Regardless of which inter-dealer market is chosen, dealer I’s expected utility is given
by:

E(U) = —exp[-M(Q = C)E(F) — QP(Q) + CPy ~ K) + (1/2) \2var(F)(Q — C();é)

where P(()) denotes the price that dealer I has to pay to obtain his optimal order () at stage
3. Define the brokerage fee K as a random variable. K is equal to zero for trading in the
direct inter-dealer market, and to K for trades in the brokered inter-dealer market.

The certainty equivalence of expected utility, as in equation (38), is given by

=(Q - C)E(F) - QP(Q) +CP, — K — (1/2)\var(F)(Q — C)*. (39)

The quantity and the price in equation (39) depend on dealer I’s choice of the inter-

dealer market, such that

Q= { LVI—V—QI%NT?’—C if dealer I trades in a brokered IDM

: 40
Q= if dealer I trades in a direct IDM (40)

P P = (F )+ %Avar(F)Qg if dealer [ trades in a brokered IDM '
= E(F) + 3 var(F)Q} if dealer [ trades in a direct IDM

, ' (41)

We now can determine dealer I’s choice of inter-dealer market given a fixed num-

ber of dealers. Let CE®(Q%) denote the certainty equivalence that dealer I receives if he
chooses to trade through the broker, and C E4(Q?) denote the certainty equivalence that
dealer I attains if he chooses to trade in the direct market. Substituting Q4 and P? of (37)
and Qg and Pf of (35) into equation (39) gives the certainty equivalence of a brokered inter-
dealer market CE® and direct inter-dealer market C E¢, respectively. Dealer I chooses to
trade in an inter-dealer market which allows the dealer td achieve a higher éxpected util-
ity. For example, dealer 7 chooses to enter the brokered inter-dealer market if ’his certainty

equivalence in this market is greater than the one expected in a direct inter-dealer market.
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This implies that:

CE® - CE® (42)

(N —2)[(N — 1)(N —3) + 2(N — 2)]
[(V —1)2 -2

= —K+ l)\Ua'r(F)C’r"’ - CE(F) — Mar(F)C? > 0.

4
Proposition 3 Under assumptionsi-4, we define the integer N* as the minimum number

of dealers necessary for an IDB market to dominate the direct inter-dealer market. N* is

given by:
. 12— 4/2(4A2+ 1)
N (K,)\,var(F),C)—-lert[ Y }
_ ACE(F)+4K
where A = Noar(F)C?

and A < —1 given N* > 3.

From proposition 3, and since the minimum number of dealers, N*, decreases in A,
we observe that a larger brokerage fee results in a greater N* brokered interdealer market
to prevail. In contrast, an increase in var(F'), A or size of C shifts inter-dealer trading to

an IDB.

Critical value of N* as a function of brokerage fee and customer order flow
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Figure 1: The Critical Value of N*
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For every configuration of the initial parameters, a critical number of market makers
N* exists such that inter-dealer trading is affected by the broker when the number of dealers
is equal to or greater than V*, and occurs directly through bilateral trading otherwise.

Figure 1 plots the relationship between the critical number of dealers versus the other
parameters. The X-axis is the value of the brokerage fee, K. The Y-axis is the critical
number of N*. We set both the risk aversion and the variance of the fundamental value F
equal to 1, and vary the cost of trading and the size of the customer order flow. We observe
that the value of N* increases monotonically with the cost of trading when 1 > A4 > 0. The
intuition is that the dealer trades in a brokered inter-dealer market only if the return from
trading is able to offset the cost of participation since trading in a brokered inter-dealer
market is costly. Thus, the higher the cost, the less competitive this market is compared
to the direct inter-dealer market. We als‘o‘ observe that the critical value of N*decreases
in the average size of customer order flow given a fixed trading cost. For example, for the
same value of K=0.2 (the last observation on each curve), the critical value of V* decreases
from 20 to 9 when the square of the customer order size C? increases from 1 to 1.5. This
implies that the market maker tends to rely on inter-dealer trading to share the inventory risk
when a market is featured by large customer order flows and the market maker, in turn, is
hit frequently by large unwanted inventory. Therefore, the market maker chooses to trade
in the inter-dealer market to lay-off more of the order from his original customer. From
equations (35) and (37), it is easy to see that dealer I can trade a larger proportion of his

inventory in a brokered inter-dealer market when N > 4, all else held equal.® Therefore,

8  This is partially driven by the assumption that dealers cannot split their orders in a brokered inter-dealer

market. In order to check this effect, a different model is needed for the IBD market instead of a model of
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when the dealer is faced with large customer order flow, he tends to choose to trade in
the brokered inter-dealer market to rebalance his inventory. The greater the need for risk
sharing, the more attractive are trades in the brokered inter-dealer market than in the direct
~ inter-dealer market. In other words, when the custbmer order flow is large, a small number

of dealers are required for a brokered market to dominate a direct market.

34 Equilibrium of Stage 2: Public Trading

Given equilibrium in the third stage, we now consider the price setting of dealers in
the second stage. In stage 2, each dealer sets an ask price at which he is willing to sell C
units of the risky asset to a customer; recalling that C' > 0 implies that the customer wants
to buy. The customer trades with the dealer who quotes the best price, denoted as dealer .
We focué our discussion én the decision problem of the representative dealer, denoted

as dealer ;. We define P, as the price quoted by the rest of dealers except dealer ¢ :
(Paj)jen-i = P, (43)

where the set N=t={1,...i—1,i+ 1...N}. We show at equilibrium, that dealer i is better
off if he does not deviate from the rest of the dealer’s quotes.

If dealer ¢ quotes an ask price, P, ;, which is lower than the quote from the rest of the
dealers, P», his quote is accepted and dealer 7 trades with the customer. If dealer i quotes an
ask price which is higher than the rest of the dealers, his quote is not accepted. If P, ; < P,

then: = I;if Po; > P, thent # I ;if Py; = Py, then ¢ = I with probability —}V, where |

quantity competition.
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is the index of the dealer who trades with the customer and N7 (as defined in stage 3) is
a set of the rest of the IV — 1 dealers who did not trade with the customer at stage 2.

From our above discussion of inter-dealer trading, we know that the dealer’s payoff
depends on the number of dealers who enter market making. Proposition 1 implies that
dealer ¢ sets price such that

EUE)  if N < N*, foradirect IDM,

EUi) = { E(U?) if N > N*, for a brokered IDM, (44)

where E(Uid) and E(U?) denote the expected utility of dealer i when the third stage trading
occurs in the direct inter-dealer market or the IDB market, respectively. Now we first
consider the expected utility of dealer ¢« when NV < N*, or the case where inter-dealer
trading is conducted directly.

The expected utility of dealer 7+ depends on what type of dealer he is. In turn, this
depends upon the results of the game. For example, if dealer 7 wins the auction and trades
with the customer, he becomes the dealer I at stage 3 who decides to buy the quantity Q¢ to
rebalance his portfolio. Therefore, the expected utility of dealer : at stage 2 when he quotes
Py; < P, is equal to the expected utility of dealer I at stage 3 in the direct inter-dealer

market, which is

E(Uf)|P2,1<P2 = E[_ eXp(")‘(Qg - C)F + CPQ,'i - QgPefl)] (45)
If dealer ¢ loses the auction by quoting a price higher than P, at the current stage, he
becomes one of the [V — 1 dealers at stage 3 who needs to provide another quote. Given the

uniform distribution of the winning chance, he could be the one who is randomly chosen

to trade with dealer I with probability =, or not to be chosen with probability of £=2.
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Therefore, the expected utility of dealer 7« when P, ; > P, is given by

N -2

(D) + o Bl exp(-MQUPY — F))). (46)

E(Uz‘d)!Pz,i>P2 = N-—1
If dealer 7 quotes a price which is equal to P, then he can win the auction with probability

of ’z%f to be the dealer who trades with the customer or lose the auction to become one of the

N — 1 dealers with probability of £=* in stage 3. It follows that

[ El-exp(=A(Q4 — C)F + CPy; — Q4P)] with Pr= L
BONncert = { 5 e Mo exp( AP P wiinpr = 2 - ()

1 N

In the Appendix, we solve for the equilibrium price /%, and show that dealer ¢ is better
off by quoting the same price as the rest of the dealers than by deviating from the equilib-
rium price. We also show that dealers receive their reservation utility at the equilibrium
price.

We now consider the expected utility of dealer : when N > N*, or inter-dealer
trading in stage 3 is conducted tﬁrough a broker. If dealer ¢ quofes £, > P, his expected
utility is

E(UN)|pyisp, = E(UD)|igr (48)

= E[~ exp(—MD3F — Di3P5 — K))}.

If dealer 7 quotes P,; < F,, he wins the auction to trade with the customer in stage 2 and

becomes dealer I in stage 3. His expected utility over the game is
E(U))|pyi<p, = B(U])|i=r1 (49)
= B[~ exp(~A((=C + Q3)F + CPy; — Q3 Py — K)].

If dealer ¢ quotes the same price as the rest of the dealers, P»; = P,, he will win the auction

with probability 7\1— and lose the auction with probability Nﬁl given a uniform distribution
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of wining the auction by chance.

1 N -1
EU))|py=p, = ]‘V*E(Uf)lz‘zl + TE(Uf)lz’#I (50)
1
= YV—E[_ exp(—A((~C + Qg)F +CPy; — Q?P:f - K)]
+ 2= LBl exp(-A(DLF — DEgP} ~ K))]

Proposition 4 Under assumptions 1-4, and given that the market opening condition

is satisfied, the customer receives a price P, at stage 2, that is given by
E(F) + 3 var(F)C if N < N*

Py = { E(F) + 2R Q2 V9 \var(F)C if N > N. 1)

Proposition 4 describes the link between the choice of inter-dealer market and the
prices obtained by the customer in stage 2. Dealer I only buys back a fraction of his trade
in stage 3 inter-dealer trading. At the end of stage 3, dealer [ is still short of the asset by a
fraction of % when N < N* and (1%% when N > N*. The price P, in equation (51) is
the compensation dealer 7 requires to take on the inventory risk for the fraction of the asset
he does not buy back. | |

Naik et al. (1999) obtain a pricing rule similar to (51) in their two-period model of an
opaque dealership market. In their model, inter-dealer trading is conducted multilaterally,
costlessly and competitively, in the sense that dealers receive their reservation utility. Un-
like this paper, the focus of their analysis is to compare the prices obtained by an investor -
in a standard auction market and a dealership market with or without disclosure.

Substituting the equilibrium price (51) back into the expected utility when N < N*

in equation (47), we can easily show that the expected utility at equilibrium is equal to:

E(Uid)lpz,i=P2 = -1 (52)
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Similarly substituting the equilibrium price (51) back into the expected utility in equation

(50), the expected utility at equilibrium when N > N* is equal to:

(N —-1)}(N -3)

E(Uf)le,i:B = - exp(-—/\E(F)C - 2[(N __ 1)2 __ 2]2

Moar(F)C? + AK).  (53)

For greater details, see the Appendix.

3.5 Equilibrium of Stage 1: Endogeneous Entry for Market

Making

In the analysis of Stage 3, we showed that we can predict when inter-dealer trading
will occur as long as we know the number of dealers for a given set of initial parameters.
Furthermore, in our aﬁaly_sis of stage 2, we shéwed 1hat fth'e‘price received by the custdmer
depends on the dealer’s choice of inter-dealer trading venue. The customer’s welfare de-
pends upon whether the dealer has a choice between inter-dealer trading venues.

In this section, we first discuss the factors that determine the number of dealers who
enter into active market making. Then we address the impact on a public investor’s welfare

of dealers having a choice between various types of inter-dealer market.

3.5.1 The equilibrium number of dealers

In the analysis of stage 2, we considered that, if the number of dealers in the market
exceeds or is equal to N*, then each dealer attains an expected utility equal to E(U})|p, .=p, =
—exp(—AE(F)C (—N“—D(N—‘i))\zvar(F)C2 + AK) in (53). If the number of dealers is

N1

between 3 and V¥, each dealer attains her reservation utility —1 in equation (52).
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If an equilibrium number of active dealers N exists, then the expected utility of those
agents who become dealers is at least as large as the expected utility of those agents who

do not enter the industry; that is:

(N-1)V=-3) 2 -
E{—exp(-AE(F)C — MV 1) = 2]2)\ var(F)C* + AK)} > ~1.  (54)
Rearranging we obtain:
exp(—AK) > E(exp(—AE(F)C — MAC?)), | (55)

where

Lo N-H(V -3

N 1)F = 2]2)\21)(17"(17’).

We know that the customer order flow is normally distributed as C~N (0, 0%), E(C) = 0,

therefore equation (55) can be simplified to

exp(—AK) > E(exp(—=AAC?)).

Now we need to find E(exp(—AAC?)) = (1 — 240%) 2 as follows:

E(exp(—=AAC?)) (56)
o [T e nac?y L Lo
-[wexp( XAC )O'C\/é; exp( 20%)dC
= /oo ! exp(— c — AACHdC

-00 O'C\/2—77_ P 20—%‘

> 1 C?

= exp[— ) JaC

/_°° ocV2m 2(1+2Aag %)

1 /°° 1 exp] C?
= = EXP| 3
/ 2 a
L+2400A4 /- UC\/ 1+2§7¢ch§ A 2Amoza)

= (1+2X0%A4)"2

1dC
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Therefore, equation (55) yields
exp(~AK) > (1+ 20Ac2)73. (57)
We rearrange the expression as
(1+2)A0%) > exp(20K). (58)

Using a Taylor’s expansion in equation (57) on the right hand side of (58) and ignoring

terms of order O((AK)?), the equilibrium condition can be approximated by

Aot > K
or
;ﬁf o _1)1()];7 _'_‘23])2 Mar(F)od > K, (59)
or

H(N, \var(F),o%) > K.

where H(N, )\, var(F),0%) = é{;;—i)l(f;[:—;])?/\var(F)a% is the expected return of entering
active market-making. | |

This approximation is the equilibrium condition for a dealer entering market-making.”
The left hand side of the equation represents the expected return that a dealer receives by
entering market making, and the right hand side is the brokefage cost. This equation states
that the dealer decides to enter market-making if the expected return from making a market
is greater than or equal to the cost of entering the market.

This determination leads to the necessary and sufficient condition for the equilibrium

number of dealer N to exist:®

7 This approximation is not valid for large values of K and large coefficients of risk aversion.

8 Note that if equation (26) is violated, direct inter-dealer trading dominates brokered inter-dealer trading.
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Proposition 5 Under assumptions 1-4, the necessary and sufficient condition for an
equilibrium number of dealers N (> N*) to exist is the following: Since the expected
return is decreasing in N for N > N* and equal to zero at the limit which are

OH(N, A, F), o2

and

lim H(N, \,var(F),0%) =0,

N—o0

and as long as
H(N*, M\ var(F),0%) > K (61)

then there always exists a N which makes the expected return equal to the brokerage
fee,

H(N,\var(F),0%) = K.

This value of N is the equilibrium number of dealers entering the market making

function.

In the Appendix we show that dealers’ expected return H(N, A, var(F),o%) de-
creases in IN. This proposition states that N is the equilibrium number of dealers where
the expected return is equal to the cost. The entrance of another dealer into the market de-
creases the expected return per capita. Adding one more dealer has two effects. First, it
lowers the inventory risk since dealer ] can rebalance his inventory at a lower cost, since

the partial derivative of the equilibrium price (37) with respect to NV is negative. Sec-

Our modeling of the direct inter-dealer market does not allow us to determine the exact number of dealers
who enter the market-making industry when inter-dealer trading is conducted directly. The latter occurs when
equation (26) is violated and equation (27) is satisfied. Therefore, we use the term active marker-making to
indicate that the equilibrium number of dealers derived from this model is conditional on inter-dealer trading
via IDB.
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ond, it also lowers price volatility. In equation (37), the variance of the price is given by
var(P?) = | N"zh(,j_v 1')31(9'“3) Avar(F)]?0%. Tt is easy to show that the partial derivative of
the variance with respect to [V is negative for V > 5. When the number of dealers partici-
pating in the brokered market is small, the first effect dominates the second one. However,

when the number of dealers participating in the brokered market is large, the second effect

always dominates.

Corollary 6 The equilibrium number of dealers increases in the variance of customer
order flow, risk-aversion of the dealer, the volatility of the asset, and it decreases in

the brokerage fee, K.

Coroliary 6 indicafes the link between the dynamics of customer order ﬂow and the
equilibrium number of dealers actively making the market. The more volatile the customer
order flow is, the greater number of dealers that will enter active market-making, and, in
turn, choose to trade via the IDB market.

This result‘is particularly interesting in explaining the greater concentration of IDB
trading in government security markets. As we have discussed, the government bonds
markets are driven by the big institutional investors, and therefore, are characterized by
large, infrequent customer order flow. In other words, the customer order flow is more
volatile relative to that in an equity market. According to Corollary 6, an increase in the
volatility of customer order flow tends to shift trading between dealers to the IDB market.

This result supports the observation on government security markets.
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Figure 2: Dealer’s Expected Return vs. Number of Dealers

Figure 2 shows the variation of the expected return (per capita) for N dealers, for
a given set of exogenous paramefers. The X-axis is the ﬁumber of dealers IV, and the Y-
axis is the expected return from entering market making, given by H(N, A, var(F),a2,).
The value for the parameters are 0.01 for fixed brokerage fee K, 1 for the variance of
fundamental value F, and 1 for the risk aversion parameter of dealers . Given this set of
parameters, we plot the expected return as a function of the variance of customer order
flow, o2, which takes the value of {1, 1.5,2}. We observe that when N > 5, the expected

return is decreasing in the number of dealers entering the market-making industry.

3.5.2 Impact on Public Welfare

As is discussed in the introduction to this chapter, most dealership markets converged
in recent years to a hybrid structure that has a direct inter-dealer market and a brokered

inter-dealer market. This gives dealers a choice of which inter-dealer market to trade in. In

105



this section, we examine if a public investor is better-off when dealers can choose between
quote-driven direct trading and order-driven brokered trading.

Suppose that the inter-dealer brokered market does not exist, so that all inter-dealer
trading is conducted bilaterally. Further assume that N > N* dealers enter the market
making function for the security. From Proposition 4, the customer who wishes to buy C

units of the security expects to negotiate the following price:

E(B,) = B(F) + %)\var(F)C (62)
with volatility
1 2.4 2
var(Py) = -1—6)\ Op0G. (63)

In a hybrid inter-dealer market structure, Proposition 3 predicts that the brokered
inter-dealer market \will dominate the direct inter-dealer market when N > N*. From
Proposition 4 and the equilibrium condition (51), it follows that the customer expects to
negotiate a price given by

N2 — N —4)(N —2) — (N — 3)?
[N — 1)2 — 22

E(P,) = E(F) + Avar(F)C (64)

with volatility

N2 — N — 4)(N - 2) — (N — 3)?

var(Py) = | STV — T2 = F

]2/\204[4«0?3. (65)

Inspection of equation (62) versus (64), and (63) versus (65) reveals that the introduction of
the brokered system reduces both the mean and the variance of the price for the customer.
In the Appendix, we prove the following proposition on the impact of the dealer choice on

customer welfare.
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Propeosition 7 Under assumptions 1-4, suppose that the customer has a mean-variance

utility function with a risk aversion of 3 given as

E(~-CPy) — Buar(Py)C°.

Under this utility function, a customer who wants to trade large orders is at least no

worse-off when dealers have a choice between inter-dealer trading venues.

Proposition 7 results from the fact that the bargaining power between the dealer and
the customer is assumed to rest with the customer. If the customer’s order is large ehough
so that the per unit fixed costs are insignificant, this implies that higher benefits derived
by dealers from hybrid inter-dealer markets are passed on to the customer through a lower
expected price. Moreover, the customer expects that the hybrid dealership market also will

lead to a reduction of price volatility.

3.6 Conclusion

This paper constructs a three-stage model of a dealership market where dealers trade
with customers first, and then trade on an . inter-dealer market (IDM) to rebalance their
portfolios. We suppose that dealers can choose between an order-driven brokered IDM
and a quote-driven direct IDM. The choice of two inter-dealer trading venues reflects the
existence of IDB markets in a number of dealership markets such as the foreign exchange
markets and government bond markets. We show that the brokered IDM dominates the
direct IDM for a given set of exogenous parameters when the number of dealers on the

market is greater than or equal to N*. Under this condition, the brokered inter-dealer
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market provi‘de‘sk a better risk-sharing opportunity in the sense that the trading dealer can
unwind a greater proportion of his inventory at a lower cost.

We also endogenously derive the equilibrium number of dealers who become active
market makers. We demonstrate that, in equilibrium, a dealer quotes the customer a price
such that the dealer receives his reservation utility at this price as a result of price compe-
tition with other dealers. Therefore, a dealer’s final payoff is determined by the choice of
IDM.

In the absence of information asymmetry, we show that a sufficient increase in volatil-
ity of the asset and the risk aversion of the dealer tends to shifts IDMs from being direct to
being brokered. Moreover, our findings suggests a link between the choice of inter-dealer
trading venue with the dynamics of customer order flow. We show that an increase in the
volatility of éus‘tomer order flow tends to shift the IDM to be broi(ered. This ﬁnding is par-
ticularly interesting for the government bonds markets, where private information is less
of an issue. Unfortunately, this empirically testéble implication of the model only applies
to markets where trading on private information is not significant. For example, Proud-
man (1995) shows empirically that trading in the UK gilts markets reveals little private
information.

We also demonstrate that the dealers’ choice of inter-dealer trading venue has an
impact on customer welfare. When dealers have a choice between inter-dealer markets, we
show that a customer can negotiate a better or at least not-worse price than when they do
not. In turn, this implies that the customer welfare improves or at least is not worse-off

when dealers have a choice between inter-dealer trading venues. This result may explain
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the wide-spread use of the hybrid of two inter-dealer trading mechanisms in a variety of
dealership markets which are populated by institutional investors.

However, there are a few limitations in this study. One is the absence of asymmetric
information. These results can only apply to a market where the presence of private infor-
mation is less of a concern. They may not be generalizable when privéte information is an
issue. In the future study, considering the presence of asymmetric information, one should
be able to answer the questions dealing with the extent that inter-dealer trades are driven
by signal extracting versus risk sharing, or the contribution of asymmetric information to
the bid ask spread of a dealer’s quote and dealer’s choice of inter-dealer market. Another
limitation of this study is that dealers have limited means for risk sharing. We assume that
dealers immediately offset the inventory impact of the customer’s order in the inter-dealer
market aftef trade i'n’the public trading sfage. In reality,~dealers "may have other choices
for risk sharing. The dealer may find it more advantageous to spread the trade over time
with other dealers, to attract customer order flow from the opposite side of the market, or
hedge his spot market position on future markets. Our analysis does not explore any of
these possibilities. The existence of more trading opportunities could lead to different re-
sults. When dealers face more choices for risk sharing, hypothetically the dealer’s optimal
strategy is determined by the trade-off between the benefits from postponing the trades to
the next stage to wait for a better price and the risk of holding larger unhedged positions as

well as price uncertainty in the next stage. We leave this for future work.
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3.7 Appendix

In all the proofs that follow, we assume that Dealer I sells a quantity of C units of the
risky asset to the customer at Stage 2 and buys a quantity of Q¢ (or Q%) in an inter-dealer
market at Stage 3. The proofs are analogous when the signs of the transaction are changed.

Proof of Proposition 1:Direct inter-dealer market equilibrium

Each of the V -1 dealers who did not trade with the public at Stage 2 set a price
schedule at which his expected utility of selling Q¢ to Dealer I is at least equivalent to his
; reservation utility. Due to the homogeneity of the [V -1 dealers, the rest of the IV —1 dealers
quote the same price schedule at the equilibrium. This symmetric equilibrium implies that
the expected utility of the representative dealer j by quoting P; ; = P¢ is greater than or
equal to the one he receives by deviating from P3d. Formally, the two characteristics of the

equilibrium can be written as

E(U;) |py;=ps= E(Uj) |p, ;> pg (66)
and

E(U;) |py;=pg= E(Uj) |py j<pg. (67)
It follows that:

E(U]) 'P3,j>P§1: —-1.

B(Uj) |p, ;<pg= El~ exp(=AQ5(Ps; — F))] (68)

N -2
N-1

E(U) lpy -rg= 32 (~1) + 5 El-esp(~2Q4(Py; ~ F)]  (69)
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Since F ~ N(0,0%) and AQYF ~ N(0, \3(Q%)%62%), equations (68) and (69) can be
F 3 3)°0F); €9

rewritten as

E(U)) |y ;<pg= — exp(AQSE(F) = AQ5Py; + (1/2)3*(Q3)%0 %)) (70)

N -2 1 d dpd 27d\2 .2
E(U;) ]Pg,j:Pg: N‘__l‘("l) + N—:T[— exp(AQSE(F) — AQ5P5 + (1/2)A°(Q5) o))
(71)

Lete >0and P3; = Pf + €. The equilibrium condition in equation (66) implies

N -2 1
(1) + - exp(OQIE(F) = AQEPy + (1/20%(@120H) 2 ~1.
It then follows that
1
P{> E(F) + 5/\0% d. (72)

20 - expOQEB(E) ~ QP + (1/2)0(Q8)03)
> —exp(AQE(F) — AQS(PY —€) + (1/2)2%(Q)%03), (79)

which can be simplified to
(N — 1) exp(AQle) ~ 1] exp(AQEE(F) — AQSPE + (1/2)N(Q4)%0%) = (N - 2).

We first notice that the L.h.s. of the inequality is an increasing function of €. Therefore,
the inequality holds Ve > 0 if and only if it holds for & — 0. In this case, exp(A\Q%e) — 1.

It then follows that

1
Pi < B(F) + 500504 (74)
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Combining equations (72) and (74), we get the pricing strategy for N — 1 dealers in

stage 3 as

P¢=FE(F)+ %/\o}Qg

In order to obtain the equilibrium order Qg, we derive the first order condition from

dealer I’s utility and wealth functions, given by equations (33) and (34), as

AE(F) = MP3 + Q5(P5)") — Avar(F)(Q5 - C) =0

Substituting into the equilibrium pricing rule we get

Proof of Proposition 2: brokered inter-dealer market equilibrium
Dealer I conjectures that each of the other N — 1 dealer submit linear orders Df. We

now show that this conjecture is true at equilibrium. The linear order D is given by

Dg,slje/\f—f =a—bP; (75)

Market clearing conditions imply that

(N-1)D+Q5=0 (76)
which is equivalent to
Pty L (77)
8T (N1 P
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Dealer I maximizes his utility given by equation (36) against his order size )%, which

is equivalent to maximizing the quadratic function given by
E(F)(Q3 - C) ~ QP + O = K — (1/)XNvar (F)(Q5 = C)*.  (78)

The first order condition of equation (78) w.r.t.Q} is

E(F) - Q3(P3) — P3 —var(F)(Q5 — C) = (79)
Substituting equation (79) into the equation above, we obtain
E(F) = ——==0} — 7 = Avar(F)(Q} = ) = 0

which yields

E(F) + Avar(F)C = a/b

b =
@ (N‘%ﬁz} + Avar(F)

(80)
Now we consider the rest of the N — 1 dealers. Given each of the other N — 1
dealers is identical, we focus on the decision problem of the representative dealer, denoted
by dealer i. We assume that each dealer conjectures that the other NV — 2 dealers submit
limit orders. We show that their conjectures are true at equilibrium. Dealer : submits his

order taking into account the impact of his order Df’3 on the equilibrium price. The market

clearing condition implies that

(N—2)(a—bP))+ D}y + Q=0

or

p O 1

Py = 7T m(@g + Dy) (81)

It follows that dealer ¢« maximizes a quadratic function given by
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MazE(U) = — exp(AD}3E(F) — APy D! 5 + (1/2)\var(F)(D};)* - AK)

The first order condition w.r.t. D,?’g is given by

~E(F) + P} + D2y(P}) — Mar(F)DE; =0 (82)

Given equation (81), we can rewrite the equation above as

1
(m ~ Mar(F))D}3 = E(F) ~ P§

and solve for the parameters a and b as

N -3
“= (N — 2)Avar(F)E(F) (83)
N-3
(N — 2) var(F')

Substituting a and b into equation (80) and (77), we obtain the equilibrium price and

quantity (37) as follows:

N -2
Pl =E(F)+ o E 1)(N)— 3) \var (F)Q5
p_ (N-1(NV-3)
5= (N-1)2-2 ¢
Proof of Proposition 3

To prove proposition 3, we needed to find the conditions under which the CE® —

CE?® » 0, that is, the condition where the expression in equation (42) is non-negative, or:

(N = 2)(N? — 2N — 1)
[(N—1)2— 2

CE'-CE%=~K + é)\var(F)CQ —~CE(F) — Mvar(F)C? > 0.
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After some rearranging we show that expression (42) is positive if and only if

N-2 _1__BF) __ K -
(N-1)2-27"4 Jwar(F)C Jvar(F)C?

Let

L _ _ACE(F) +4K

© war(F)C?
It follows that the roots of CE? — CE? > 0 are a roots of
4N - 2)
Adl—— 22 oy
+1 (N-1)2-2—0 (85)

The roots are

24+ /2{A%2 + 1
N =14 V2(A2+1)

A¥1

Since N > 3 is a necessary condition for a brokered market to open, A < —1 or
A>1.Since A= —%%——-)%Q—K < 0, we get the condition on A that A < —1, Therefore,
the larger root of V - is ignored. Given that the necessary condition for a brokered market
to open is that N > 3, we can have CE" — CE? > 0 only if N exceeds the larger root by
N~.

For N > N*, CE® — CE“ is positive and dealer I chooses to trade through the inter-
dealer broker. However, if N is less than N*, then CE® — CE“ is negative and dealer [
trades on the direct market.

From the equilibrium of the two inter-dealer markets (35) and (37), we observe the
following relationship: a larger brokerage fee results in a greater /V* brokered interdealer
market to prevail. In contrast, an increase in var(F), A or size of C shifts inter-dealer
trading to an IDB.

Proof of Proposition 4 when NV < N*
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A symmetric equilibrium requires that the following two conditions are satisfied

E(Uid)le,i:Pz 2 E(Uid)|P2,1>P2

(86)
E(Uid)!Pz,i=P2 v E(Uzd) |P2,i<P2' (87)
If P,; = P, + ¢, given (46) and (47), condition (86) requires that
1 ]V - 1 .ZV ’
Bl exp(=MQ3 = C)F + CPoy — Q4P + =~ 1) (88)

+ e Bl exp(-AQH(PE — )}
2 (1) + 5 Bl ep(-AQ4(PE ~ F))

The certainty equivalence of equation (88) is

~1—<cpz,i—Q§Pf—<1/z>>x<Q3 OPvartm + MU =2y ey
+ g Q4P ~ (1/2)M(@)var (F)]
jﬁ_l(—-mN (@4P{ ~ (/2N ar (F))

=

Substituting P:f’ and Q‘é’ from equation (35) into (89) and rearranging the terms, we obtain

P> zll—Avar(F)C (90)

If P,; = P, — ¢, given equation (45) and (47), condition (87) requires that

LBl exp(~A(@4 = C)F + C(P =) — Q4P + {2 —2(-1)  (90)
+ s Bl exp(-AQ4(PE — )}

> Bl-exp(-A(Q5 — C)F + C(P; — ) — Q5 F3)]
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The certainty equivalence of this above expression is:

S(C(Ps =) = Q4PE — (1/2(@4 — CYver(F)) + [ (=1)  (92)
1
N -1

> (C(P =€) — Q5P5 — (1/2)M@5 — C)*var (F))

+ (Q5P5 — (1/2)M(Q8)*var (F))]
Substituting P¢ and Q4 from equation (35) into (92) and rearranging the terms, we receive

P < %AU(ZT(F)C (93)

Combining equations (90) and (93), the equilibrium price at the second stage when NV <

N~ is
1
Py = —4—/\var(F‘)C

The expected utility that dealer 7 receives by quoting F; » = P, is greater than or equal to
the one he receives by quoting P, > P, or P2 < P,. Therefore, at equilibrium, dealer
¢ has no incentive to deviate. As a result, we have is symmetric equilibrium. Substitut-
ing the equilibrium price into the expected utility E(U?)|p, ,=p,, We can easily show that
E(U?)|p, =p, = —1 at the equilibrium.

Proof of Proposition 4 when N > N*

Symmetric equilibrium requires that the following two conditions are satisfied:

E(Uzb) IP2,1'=P2 z E(Uzb) lpz,é>P2 (94)

E(Uzb) |P2,i=P2 Z E(Uzb) 1P2,i<P2 (95)
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If Po; > Py and Py; = P, + ¢ and given the expected utility in equations (48) and (50),

condition (94) implies

Sl ep(-M(=C + Q)F + OBy — Q4% — K)] (96)

N -1
+ =~ B[~ exp(~A(D,F — Dy Pl — K)]

> E[- exp(—)\(ny?,F - D$,3P3? - K))]

The certainty equivalence of the above expression is given by

%(,—K +CPy; — QSPY — (1/2) war(F)(—=C + Q5)%) + (97)
N-—1
N
> —K — D, Py — (1/2)\ar(F)(Dy,)?

(—K — Dj3Py — (1/2)war(F)(D;5)?)

Substituting the equilibrium price and quantity at stage 3 in equation (37) into (97) and

rearranging, we obtain

N2 — N — 4)(N — 2) — (N — 3)2
P> - 5[V — 12 = 2

Mvar(F)C (98)

If P; < Pyand Pp; = P, — €, and given the expected utility in equations (49) and (50),

condition (95) implies that

LBl exp(-A((~C + Q) F +C(P, — ) — Q4! — K)]

N -1
+ == Bl exp(~A(DLsF — DiyPh - K))

> El—exp(—A((—C + Q3)F + C(P, —€) — Q35 — K))
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The certainty equivalence of the above expression is given by

S (K +C(By—¢) — Q4P — (1/2)hwar (F)(=C + @3)?)

+ o2 (<K DY P~ (1/2)Moar (F)(D2)?)

> —K + C(P, —¢) — Q4P — (1/2)Mar(F)(=C + Q3)?
Simplifying this inequality yields

N[-C(P; — €) + Q3P5 + (1/2)har(F)(Q5 ~ C)?]

> [~CPy + Q3P5 + (1/2)dvar (F)(@5 — C)1 + (N = 1)[Dy3Py + (1/2)var (F)(D{5)°]

Since the Lh.s. of this inequality is an increasing function of ¢, this inequality holds if and
only if ¢ — 0. Setting £ = 0 and substituting P?, Q% and Df’3 from equation (37) into this

inequality, we obtain

2(N? — N — 4)(N — 2) — (N — 3)2
2[(V—-1)2 -2

P, < Avér(F)C (99)

Combining equations (98) and (99) we obtain the equilibrium price P, when N > N*.
Proof of the expected utility at the equilibrium when NV > N*
At equilibrium, the expected utility is

B0 pyymrs = 3 B[~ exp(=M(~C + Qh)F +CP, ~ Q4PY ~ K)

N -1
+ == B[~ exp(~A(DIyF ~ DIy Ph — K))]

Substituting @4, P2, D? and P, into the above equation, we obtain:

1 2N ~2 (V-1)(N-3) ,, 2
—N—[—~ exp(————-—[(N Y 2]/\CE(F) ~ N =172 2]2/\ var(F)C? + AK)]
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which yields

(N = 1)(N - 3)
2N ~1)2 - 22

E(U!)|py=p, = — exp(—=AB(F)C - Nyar(F)C? + AK).

as equation (53).

Proof of Proposition 5

e Proof that H is decreasing in N for N > N*.

We assume that N varies continuously. Recalling that dealers trade in the inter-dealer
market when N > N* > 5, we only need to consider the variation in H for N > 5.

Taking the partial derivative of the expected return function H (N, A, var(F), 0%) =

W)\var(ﬁ’)(ﬂc with respect to N we obtain:
OH AN -1 2PN -2)— (N - 1)(N - 3)[8((N — 1) = 2)(N - 1)]
NNz = AV - 17 =2
AN =12 = 2l[(N - 1)*(N —4)+2(N —2)]  Num
- 4(N-1)2~21¢ " Den

where Den > 0, and Num < 0 for N > 5. Therefore, %HV—I ~n>s5 < 0, and equation (60) is
true.

Dealers enter the market as long as their expected return from market making is
greater than or equal to the cost of brokerage fees. This is the case as long as (59),
H(N, )\ var(F),o0%)|n>n- 2 K, holds. First note that H (N, X\, var(F),0%) is a con-
tinuously decreasing function in IV for N > 5. It follows that as N — oo, the expected
return H goes to zero. Hence, as long as the expected return function H |y y+ evaluated
at N = N* is greater than K, which is when H(N, A\, var(F),0%)|y=n- > K, there must

exist one positive value N > N* which satisfies the equality of H(N, A, var(F),o%) = K.
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So far we have shown that H(N, X, var(F),0%)|y=n- > K is a sufficient condition
for the existence of an equilibrium number of dealers greater than or equal to N*. To prove
the proposition, we also need to show that if (60) is true, then H (N, A, var (F), 0%)|y=n+ >
K is also a necessary condition for the existence of an equilibrium number of dealers
greater than or equal to N*. That is, if H(N, A, var(F),0%)|nv=n- < K, then the equilib-
rium number of dealers greater than or equal to /N* does not exist. Suppose that [V* dealers
enter the market. Given that H decreases in [V, g-%] n>n+ < 0,(60), the entry of an extra
dealer lowers the expected return H, (that is, H(N* + 1) < H(N*) < K) Similarly we
can show that H(N* +n) < H(N*) < K for all n. Therefore, it follows that if (60) is true
and H(N, \,var(F), 0%)|n=n- > K is violated, an equilibrium number of dealers greater
than or equal to N* does not exist.

Proof of Corollary 6 -

To prove that the equilibrium number N is increasing in the variance of customer

order flow, we need to show that:

ON op = _ 2H/05%
80% "2° " T BHJON

From Proporsition 5 we know that H /9N < 0,and 8H /0% = %@Avar(F) >
0, and therefore, that 3‘%‘%1 n>5 > 0.

Similarly,

N 0H [Ovar(F)

duvar(F) Inzs = = OH/ON >0,
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8N AH /O

ox "2* = apjen ~

and

59_& _ _OH[OK
oK'"=* " TBHJON T
Proof of Proposition 7

Suppose that the customer has a mean-variance utility function with a risk aversion

of (3 given as:
E(~CP,) — Buar(P)C? (100)

As long as the number of dealers who have entered the market is greater than or equal to
N*, the intrqductionof an inter-dealer broker market reduces the mean and variance of the
price since C' > 0. Hence, (‘1400) increases and the customer is better-off. If less thaﬂ N*
dealers enter market-making, then the introduction of brokered inter-dealer trading does
not have an impact on customer welfare.

Now suppose that N < N*, and that the only way dealers can trade with each other
is through the inte:r-dealer broker. Then the price expected by the customer is given by (64)
and the volatility of the price is given by (65). Suppose now that direct inter-dealer trading
is introduced. From Proposition 2, and given that N < N*, the expected price is given
by (62) and the volatility by( 63). It is easy to show (62) is lower than (64) and (63) is
lower than (65) when N < N*. Hence, customer welfare improves given a choice between
inter-dealer markets. However, the introduction of direct trading does not change customer

welfare if N > N*.
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Chapter 4
Alternative Trading Systems: Who Wins and

Who Loses?

4.1 Introduction

Advances in information technology have fostered the emergence of new electronic
trading systems for various financial assets. In foreign exchange markets, electronic inter-
dealer brokers, such as Reuters dealing 2002-2 and EBS have replaced virtually all tradi-
tional voice broker systéms as thé means to transact brokered interdealer trading. Stock
exchanges also face increaséd competition from various new electronic tradihg systems or
platforms, also known as alternative trading systems (ATSs) or electronic communication
networks (ECNs). This is the case particularly for US equities where nearly 40 per cent of
dollar trading volume in Nasdaq shares have migrated to ATSs (Securities and Exchange
Commission, 2000).

In explaining the competitive success or failure of various trading venues, it is useful
to examine how these trading venues differ in terms of their market structure and design.
Two equity ATSs, Instinet and Island, account for the largest proportion of trading of Nas-
daq shares with 10.9 percent and 14.1 percent of trading volume, respectively, in year 2000.

The fact that these systems offer an order-book trading environment, which is a good com-
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plement to the existing dealership system of Nasdaqg, is an important factor behind their
success (Financial Services Authority, 2000, pages 12-13).

However, ATSs that offer an order-book trading structure have failed to become a
significant force in the customer-dealer trading segment of the foreign exchange (FX) or
bond market, where the vast majority of public trading continues to take place in a deal-
ership trading environment. However, in the inter-dealer trading segment of FX or bond
markets, order-book style ATSs such as Reuters Dealing 2000-2 and EBS in the FX mar-
ket and EuroMTS in the European bond market, account for a significant proportion of the
trading activity in these markets (Bank for International Settlements, 2001).

To determine the success of an ATS or how different trading venues succeed in cap-
turing trading activity in a particular security, one has to understand which attributes of
the trading venue are ‘nvloist important for trading activity. MOfeover, the ability of differ-
ent trading mechanisms to offer lower trading costs to an investor depends critically on
the trading needs or characteristics of the investors themselves. Given that investors seek
best execution of their trades, and that best execution encompasses traded price, market
impact, immediacy, timing, anonymity and commissions, then it is not surprising to see
investors choose different trading venues based on how well each venue fulfils different
combinations of these aspects of execution quality.

Canadian regulators recently considered rules that allow customers in the govem-
ment securities dealership market to trade among themselves through a centralized elec-
tronic system rather than trade through dealers. In other words, they propose to introduce

an order-book style ATS for the public trading segment of the fixed income markets. Mo-
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tivated by these recent regulation developments, this chapter seeks to investigate which
market structure a customer would ohoose ex ante. We examine what determines a market
participant’s choice of trading in an order-book ATS versus trading in a dealership mar-
ket. Moreover, we seek to analyze how the trading environment and how customer trading
characteristics affect their choice of trading mechanism.

Despite the fact that new trading systems have emerged and attracted significant trad-
ing activity, little theoretical or empirical work examines the considerations that determine
the participant’s choice of market mechanism. That investors are observed to send their
orders to different trading systems is not the focus of much research. Most of the exist-
ing research concentrates on modelling one trading mechanism and often simply examines
mechanism efficiency in terms of price discovery. O’Hara (1995) provides a survey of con-
tinuous order-book and dealéfship models. However, given fhat each surveyed study osed
different modelling techniques, it is generally difficult to compare their results.

To study the optimal market structure preferred by market participants, this chapter
construots an agent-based computational model of both a dealership and limit-order mar-
ket.? This methodology starts where theoretical market microstructure models leave off, in
that it allows researchers to examine questions that are analytically intractable. The agent-
based simulation methodology is structurally grounded by an analytical model that guides
the behavior of the artificial or simulated traders. A secondary objective of this chapter
is to illustrate the applicability of the artificial financial markets approach for the study of

market design issues.

% See Chapter1 for a review of agent-based modelling.
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The benefit of using an agent-based method is that this method allows us to investi-
gate questions related to optimal market structure in a unified analytical framework. An-
other benefit of the approach is that it allows for greater flexibility relative to analytical
models, both in terms of how we specify the trading environment and how we model
the characteristics of the market participants themselves. For example, most market mi-
crostructure models assume that agents are limited to using linear pricing strategies to in
order to derive analytic solutions. The agent-based simulation approach allows us to relax
this restriction.

We compare the welfare of rational public investors who trade in a dealership mar-
ker with those who trade in a limit-order book style ATS. In a dealership market, utility
maximizing public investors (customers) submit orders to dealers based on their liquidity
shock and the competitiveness of dealers’ quotes. Given the opaqueness of this market,
customer order flow is private infonnation to dealers, which can be further explored by
dealers by trading in an inter-dealef market. In contrast, ih a limit-order market, customers
trade directly among themselves without the intermediation of dealers. Customers submit
limit orders to the market based on the liquidity shocks they receive just prior to enter-
ing the market. In essence, customer trading is motivated by the desire to share liquidity
risk among a greater set of participants. Given that customers are identical except for the
realization of their liquidity shocks, the degree of customer heterogeneity is defined over
their liquidity shocks. Adjusting the distribution from which the liquidity shocks are drawn

allows us to vary customer characteristics related to order size. Customers are also char-
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acterised by the correlation of their trading needs. When this correlation is high, customer
orders tend to be on one side of the market.

By varying these customer characteristics, we examine a range of market structure
issues. Our study investigates how the optimal market structure for customers whose or-
der size is sometimes 1arge and varies considerably may differ from that for customers
characterised by relatively small homogenous order flow.

Another concern of this study is to examine customer choice of market architecture
under different trading environments. The trading environment is defined over the thickness
of the market, the number of market makers, the degree of market maker heterogeneity,
and the risk aversion differential between market makers and customers. Different market
structures may be better suited to overcome various coordination or trading frictions in
financial markets. For example, a feature of ﬁxéd income and to a somewhét lesser extent
FX markets, which differs markedly from equity markets, is their thickness. The number
of buyers and sellers trading in the market at any point in time are much less than in equity
markets.'? As such, the observation that these markets are relatively thin might explain why
the public trading segment of fixed income and FX markets are structured as dealership
systems.

Our findings suggest that the trading environment has an important impact on the
optimal market structure. The public investor’s choice to trade in a particular market de-

pends on thickness of the market measured in terms of the number of customers active in

10 . The fixed income market is. largely a wholesale market consisting of a relatively small number of large

institutional investors. On the other hand, equity markets consist of thousands of traders, a large proportion
of which are small retail investors.
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the market within a short time span. The dealership market structure is preferred by cus-
tomers when there are few customers that are potentially available to trade. As the number
of potential public investors increases, there comes a point where the number of investors
exceeds a critical threshold, so that these investors prefer to trade in the order-bock market
structure.

We find that as the number of dealers decrease or as the risk appetite of the dealers
decreases relative to that of the customers, the risk-bearing capacity of the dealership mar-
ket decreases. This makes this market structure less attractive to liquidity motivated public
traders. As a result, the critical number of customers necessary for the limit-order book
market to prevail decreases.

Customers who are subject to larger and more volatile liquidity shocks prefer to trade
in a dealership system. SpeCiﬁcaliy, custbmers characterised as generators of large-sized
order flow, which is a trait of institutional investors, are more likely to submit their orders
to dealership systems than is the case for small-sizéd, homogeneous order suppliers. This
is consistent with the observed regularity in capital markets where markets dominated by a
small number of large institutional investors tend to be organized as dealership markets.

The chapter is organized as follows. Section 2 gives a literature review. The model
specification of the trading environment is presented in section 3. Section 4 reports our
computational findings. Section 5 summarizes the key findings and reviews some of the

limitations of the current framework. Section 6 provides a technical appendix.
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4.2 Literature Review

A small but growing number of papers study issues related to optimal market design
by modelling a trading mechanism, and then adjusting this trading mechanism or trading
protocol, to create a modiﬁed trading structure. Various authors recognize the importance
of mafket design and explain the coexistence of markets with differing levels of trans-
parency (e.g., Lyons 1996, Flood et al. 1999, Bloomfield and O’Hara 1999, and Naik ez al.
1999). In general, these studies show that a trade-off exists between market quality, mea-
sured in terms of liquidity and implicit trading costs, and market efficiency, measured in
terms of effective price discovery. They show that this trade-off may explain why market
mechanisms with differing levels of price transparency coexist.

Vogler (1997) develops a theoretical model that compares dealership markets to auc-
tion markets 1n the absence of asymmetric information. The key and realistic feélture of the
Vogler model is that the price the dealer offers to the liquidity motivated public investor
(in the first stage of trading) depends on the dealer’s ability to manage his inventory posi-
tion in the second stage, where she is assumed to trade via an auction mechanism. Vogler
shows that a dealership market provides customers with a better price than an auction mar-
ket if customer trading is motivated only by liquidity shocks. The result holds as long as the
market maker can rebalance his inventory in the inter-dealer market. As noted by Vogler,
the Walrasian market-clearing mechanism assumed in both the interdealer trading or sec-
ond stage of the multi-dealer market and in the auction market is a major limitation of this
model. the reason is that this mechanism assumes away the probability with which some

orders are not executed in an order-book market. Moreover, in Vogler (1997), as is the case
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for most of the literature, customers are exogenous liquidity traders. By endowing each
customer with a utility function and endogenizking his decision making, we can analyze the
determinants of the optimal strategies of customers.

As in Vogler (1997), Naik, Neuberger and Viswanathan (1999) develop a two-stage
theoretical model that resembles most multi-dealer markets. They examine how customer
welfare is affected under two trade-disclosure regimes, one where post-trade information is
made public and one where it is not. An additional innovation over the Vogler (1997) study
is that Naik et al. (1999) model market makers in addition to investors as being risk averse.
In other words, Naik ef al. endogenize the investor’s trading strategy which is conditional
on the price schedules of dealers. Naik er al. show that dealership markets requiring full
and prompt disclosure of investor-to-dealer trade details: may reduce the welfare of the risk
averse investors in some cjrcumstémces. The authors also show that an increasé in the level
of post-trade transparency works against the execution of large trades but nevertheless tends
to benefit small traders.

Recent theoretical work by Viswanathan and Wang (2002) considers the comparison
between limit-order books and dealership markets abstracting from asymmetric informa-
tion. They examine the determinants of customer choice for a trading venue, and how
customer welfare change across three market structures: limit-order book, dealership and
hybrid. The hybrid market structure is a combination of both the order-book and deal-
ership structures. The authors model these three different structures using three different
market-clearing mechanisms: discriminatory price auction, uniform price auction and a hy-

brid of these two auction mechanisms. They show that risk neutral customers always prefer
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to participate in a discriminatory price auction, that is, the order-book structure. However,
a uniform price auction is preferred by risk averse customers when the number of market
makers is sufficiently large. They also find that the hybrid market structure can dominate
the uniform and discriminatory price’ auction for risk averse customers.

Our study differs from Viswanathan and Wang in several important aspects. First,
Viswanathan and Wahg (2002) use a one-sided auction methodology where all dealers
are buyers of the security and all customers sellers (or the symmetric opposite of this).
That is, the dealership and order-book market structures are restricted to being one-sided
markéts, very reminiscent of the primary market for government securities. In the standard
vtheoretical set-up, each dealer posts a bid (offer), while an individual customer simply
tenders an amount she seeks to sell (buy). We develop a double auction market-clearing
framework, which iS’ml;lC:h closerto real’yo,rder-book Iﬁarket structures. Second, the ﬁse ofa
double-sided auction framework implies that customers trade with each other in the order-
book market and can be both suppliers and demanders of liquidity. In the Viswanathan and
Wang (2002) one-sided auction framework, customers can trade only with dealers in both
the dealership and order-book markets. Third, unlike Viswanathan and Wang, in modelling
the dealership market, we model inter-dealer trading where dealers trade among themselves

after receiving customer orders.

4.3 Model Description

The model assumes the existence of two types of agents, customers and dealers.

Both possess a portfolio composed of a risk-free and a risky asset. The liquidation or
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fundamental value of the risky asset is normally distributed and the distribution is common
knowledge across all the participants. We assume there is no opportunity cost for holding
the risk-free asset.

Moreover, all agents adjust their portfolios to optimize their utility. Dealers are
obliged to make the market and thus provide liquidity for customers. The two agent types
differ only in terms of their objective function; the roles that they play on the market and
the market mechanisms they can access to rebalance their portfolio. This framework flexi-
bility allows us to use comparative statics to compare different types of market organization
with respect to the welfare of the participants and the liquidity of the market.

In the following section, we describe the models for two different markets, namely, a

limit-order book market and a dealership market.

431 Limit-Order Book Market Model

Trading Environment

Assume that M customers (public investors) trade a risky asset in the market. The
customers are identical in every way except for the realization of their exogenous liquidity
shocks (Xi);ca,, that are positive or negative. For example, if an agent receives a nega-
tive demand shock on his risky asset position, he tends to rebalance his portfolio by posting
a buy order for the risky asset. The random liquidation value of the risky asset F' is in-
dependent and normally distributed, and the distribution is common knowledge to all the

participants.
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Consider the following sequence of events. First, each customer receives a liquidity
shock in units of X, which is non-payoff related information. These shocks initially are
uncorrelated across customers. Each customer then simultaneously subfnits a bid and an
ask price-quantity pair, (Bz-, QF ) and (4, Q#) respectively, conditional on his realization
of the shock. A bid quote indicates that the customer agrees to buy QF units of the risky
asset at the market price if the market clearing price is below his bid, B;. The ask quote
indicates that the customer agrees to sell at the market price up to Q# units of the security
if the market-clearing price is above his ask, A;. Each customer knows the distribution
from which inventory shocks are drawn, but they do not observe the actual shocks of other
customers.

The market clearing price at which indicated trades are executed is determined via a
double-auction system. Since the market clearing price is determined after the customers
have submitted their orders, each customer realizes that their bid-ask orders may influence
the clearing price to the extent that they are the marginal buyer or seller in the auction.
Finally, the value of the risky asset is revealed to the market participants. They can evaluate
their wealth and utility.

The problem faced by each customer is to find a strategy which maximizes his ex-
pected utility. A strategy is a function which maps the random shock X; to a bid and ask
price-quantity pair, (B;, QF) and (A4;, Qf*).!* Each market participant has exponential util-

ity functions defined over wealth W with risk aversion coefficient A. A liquidity shock

11 Customers generally only-act on one side of the market or the other. Allowing customers to provide

two-side quotes-is easier to handle numerically. ‘A customer who needs to buy can always manage to post
a competitive bid price and a less competitive ask price to increase/decrease the chance of execution of his
buy/sell order.
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(Xi);eq On his risky asset position is independent and normally distributed.'?. The utility

function of customer ¢ is given by:!3

U= —exp(=2W,), ' (101)

The wealth of customer ¢ can be written as a summation of the dollar value of his risky

position and his cash position, so that,
Wi = (Xi + Q) F - PQs, (102)

where (); is the executed quantity of the risky asset, and P is the market clearing price of

the risky asset. In the next section, we discuss how this price is determined.

Market Clearing System: Double Auction

We model the limit-ordér' book market asa double auction (DA). The standard setup
of a DA is fairly restrictive since order size is fixed exogenously (Werner 1997, Rustichini,
Satterthwaite and Williams 1994). The double auction setup is generalized herein to allow
each order size to be endogenously decided by market participants. This market clearing
mechanism has some intuitive appeal as the quantities demanded for prices above the clear-
ing price are sequentially matched with quantities supplied at prices below this price, until

no orders exist at which the purchase price exceeds the selling price. In other words, orders

12 - The normality assumption on F"is necessary for deriving an analytical solution for a customer’s trading
strategy in a 2-stage dealership market. The normality assumption on the inventory shock, X; , is not neces-
sary for obtaining similar simulation results. The numerical method that we develop in this chapter is general
enough to accomodate different distributions for the inventory shock.

12 We choose the negative exponential utility function because it is the most widely used utility form in this

literature due to its analytical tractability.
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Table 9. Order Matching and Trading Outcome

participants | liquidity bid order (P, | ask order (P, | quantity ex- | wealth  at
shock in | Q) Q) ecuted F=1
units

player 1 -0.5 (0.7, 2) (%0.8, -1) 2 0.5

player 2 0.6 (0.4, 2) (30.5, -3) -1(partial) 0.1

player 3 0.4 (80.1,0.5) (0.2, -1) -1 -0.1

are matched sequentially until the aggregate demand curve lies below the aggregate supply
curve. This auction clearing system implies that all tradeé clear at the same price.!*

Table 9 gives an example of a trading outcome for a market with a DA clearing
system that is comprised of three participants. A negative shock in quantity indicates a
sell order. The distribution of the liquidation value, F~ N (0, 1), is the common knowledge
among three players.

Each participant starts with a zero endowment of cash and a zero amount of a risky
asset.’? Conditional on the initial liquidity shocks (in units) for players 1, 2 and 3 given in
the second column, each customer chooses an action according to his strategy function. An
action consists of a bid price-quantity pair and an ask price-quantity pair. For example, after
receiving a negative liquidity shock, participant 1 tends to rebalance his portfolio by posting
a greater buy order. Actions taken by other players are in columns 3 and 4. The incentive
for players 2 and 3 to place sell orders is that each of them receives a positive liquidity
shock. The market clearing price in a double auction mechanism, therefore, is where the
demand curve crosses the supply curve or $0.5. All the bids which are higher than (or

equal to) $0.5, and all the ask prices which are below (or equal to) $0.5 are executed. The

4 A real world example of such a call auction is opening of the NYSE.

15 In this example, we initialize the endowment to zero just for simplicity. Borrowing and short selling are

allowed when it is necessary.
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ailocétion is carried out as far as possible by assigning priority to sellers whose offer prices
are smallest and to buyers whose bid prices are largest. Partial execution may exist at the
market clearing price. For this example, participant 2 has a partial execution of his ask
order, that is, he sold one unit of his risky asset at a price of 0.5. Therefore, his risky
asset position is 0.6 — 1 and his cash position is $0.5 x 1. Thus the wealth of player 2 is
Wy = (0.6 — 1) x 1+ 0.5 x 1 = 0.1. The wealth of each participant can be evaluated as
shown in the last column.

A market clearing price in a variable order size DA can be formally defined as fol-
lows. We are searching for price P such that excess demand is positivé (negative) for all
the prices that are less (greater) than F. Furthermore, to obtain a unique solution even if
multiple prices solve the excess demand, we redefine an excess demand function as the

following:

M M
XDp) =) Qlpssy— .  Qf lusp (103)

where I(,<p,) and I( 4,<p) are indicator functions which are equal to one if the condition is
true and zero. The market price P is the root at which the excess demand is equal to zero

otherwise.

The Strategy Function of Customers

Since it is very difficult to assume the functional form of the mapping between a

liquidity shock and an action, we use the following flexible form Artificial Neural Network
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(ANN) for an individual’s strategy function:
H
ANN(X;,8;) =09+ Zkzl O @ (0imry+r + bi2m41) Xi) (104)

Therefore, the input of this strategy function is liquidity shock X;. The output of
this ANN is a vector of four choice variables(B;, 4;, QF,Q#), and a strategy function is

characterized by the vector of parameters §; which contains 6, o, and ¢, . H is the number

of hidden nodes. The activation function © is chosen as the tanh function:

¢ (z) = tanh (z) (105)

We slightly modify the first two choice variables, B; and A;, to the mid-point of the

bid and ask price, 234 and the spread of the bid and ask, A; — B;. This modification is
to guarantee that a ask price is always higher than a bid price. The resulting specification

for each market participant’s strategy function is:

ANN (X;,67%) ]
Bit+4; d
N o (anN (g7
QF | T | ¢(ANN (x,,6%° (106)
4
@ ¢ (ANN (X;,09"

Therefore, 0; is (9?“, gerread, O?BandB?A),. gid gerread g@% 9% are parameters in vec-
tor 6; that are used to generate the mid point of bid and ask, spread, and bid depth and ask
depth, respectively. Notice that ¢ is applied to three outputs of the ANN to guarantee
that the bid-ask spread and the bid and ask depth are positive. The function ¢ is given by

¢ (z) =log (1 +exp (z)).
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Figure 1 depicts the bid and ask for a typical customer as a function of his liquidity
shock X; in his risky asset position. At the beginning of each period, customers receive dif-
ferent 1iquidity shocks, and therefore post different bid and ésk prices. The realizations of
market clearing prices, which are determined using equation (103), are represented by the
dots in the middle part of the graph. The upper and lower curves are ask and bid prices for
given liquidity shocks for a representative customer. Since an order can be executed only
if the ask (bid) price is greater (lower) than the market clearing price, the figure shows that
a customer tends to post a low ask price to try to sell part of his inventory for rebalancing

his portfolio if hit by a positive liquidity shock.

4.3.2  Dealership Market

Trading Environment

This section presents a trading model with M customers indexed by 7 and IV dealers
indexed by 7. They all agree on the distribution of the ﬁﬁal value of the risky asset. Trading
takes place in two stages. In the first stage, dealers trade with customers by posting a
bid and an ask quote simultaneously prior to the arrival of customer orders for any order
size. Given a liquidity shock X; and after observing the dealer’s quotes, the customer
chooses the quantity to trade with dealers in an attempt to maximize his expected utility.
Customer order flow is price elastic in the sense that it decreases with the bid-ask spread that
dealers quote. The trade size between the customer and the dealer is private information.
Therefore, customer order flow determines the distribution of inventories among dealers at

the end of the first stage.

138



In the second stage, dealers trade strategically in the inter-dealer market to reallocate
any excess inventories obtained during the first stage. Dealers can submit a bid quote and
an ask quote through a double-auction system. The market clearing price in the second
stage is determined in the same manner as for an order-book market. Orders are matched
sequentially starting from the highest bid order to the lowest ask order. This matching
process continues until no more orders exist for which the bid price is higher than or equal
to the ask price. In the end, a fundamental value F is revealed and every dealer’s wealth is
evaluated according to their trading outcomes and the fundamental value of the risky asset.

In the first stage or public trading round, each customer does not observe quotations
from all the N competing dealers for the following reason. After observing the quotes, the
customer needs to decide whether to split his order between dealers or to’trade the whole
order as a block to thé one dealer who quotes the best price. If all de:,alers‘ start with the same
zero inventory position, allowing customers to split the order equally among all the dealers
results in an optimal risk allocation right away. In this case, no dealer has an incentive
to trade in the inter-dealer market in the second stage. For most of our experiments, we
allow customers to observe quotes from different subsets of N competing dealers and to
trade only with the dealer who offers the best observed price Without splitting his order.
In fact, it is a defining characteristic of dealer markets that dealers compete for the whole
order from a customer (Franks and Schaefer, 1992). However, allowing for different initial
dealer inventories still motivates inter-dealer trading even if the customer splits his order

equally. We explore this variation in one of our experiments.
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Customer Strategy in Stage 1

In this section we solve for the analytical solution of a customer’s optimal strategy.
In the first stage, each customer j observes a set of quotés (B}, A)ie a,fandomly drawn
from a set of K dealers, denoted as A;, and decides the quantity C;; that he wishes to
trade and with which dealer . The total amount traded by the customer j is denoted as
Cj = 3 ;ex Cij. Note that the maximum bid of that subset is E; and the minimum ask is
A}, and the corresponding dealers are 6;‘ and JJB .

Each customer j decides upon the quantity C; that he wishes to trade in order to

maximize the expected utility of wealth over C';, where utility is given by:

MazE(US) = —exp (=A° WF) (107)

Wealth is.given by

XjF‘I‘Cj (F—A_;) of Cj>0
WfI X; F of C;=0 (108)
=1 .
X;F+C; (F=B}) if C;<0

where C; > 0 (C; < 0) represents a purchase (sale). This equation states that customer ¢'s
wealth depends on the sign of his order. He buys(sells) units of C; at the best ask price, _A_}
(or the best bid price E;), or he does not trade if C; = 0.

X is known at the moment C; is decided, and F" follows a normal distribution with

mean 0 and variance o%.. Therefore, the optimal value of C;; can be solved using
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-4 - X; if PF<B,
C; = { 0 if B,<PF<Al (109)
o —X; if  Aj<Pf

L Y 9F

where the reservation price PJR of customer j is given by

Pl =-X{ 0% X;. (110)

Therefore, the optimal value of C;; is
C; if i=07 andC; <0
Cyi =1 Cj if i=067andC; >0 (111)

0 otherwise

This is the analytical solution for the optimal strategy of a customer in a dealership
market setting. In later simulations, each customer acts according to the optimal strategy

described in this equatioﬁ.

Dealer’s Strategy in Stages 1 and 2

Dealers provide one bid-ask qﬁote (B}, A}) upon a customer’s request, and then re-
ceive the customer’s order flow at the prices they quote. In the second stage, dealers quote
a bid and ask price-quantity pair, (B?, A?, QF,Q7) , and trade in an inter-dealer market to
share their inventory risk with each other. The objective of a dealer is to maximize his util-
ity over these six choice variables. Using notation that is similar to that used for the order

book market, we write the objective function of dealer 1 as:

MazUP = —exp (-A° W) (112)

subject to
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WP =37 O licy0 Al + Ly BY) = QP+ F (Qi DI cz-j) . (113)
For the strategy of stage 1,(B}, A}), a single parameter is used for the bid-ask spread,

A} — B}. The mid-point of the bid-ask spread BirA , is a function of the initial liquid-
ity shock of dealers, which is set at zero in the baseline experiment we examine. This
constraint guarantees that we will have A} > _B_;for any customer, and therefore that no ar-
bitrage opportunities are available to customers. Since the inter-dealer market is modelled
as a double auction limit-order book market in Stage 2, a dealer’s trading strategy is iden-
tical to the one described earlier in the order book market. A dealer’s strategy function is

summarized by the following equation:

i ANN (X707

-4_5_-2.;.1 & (ANN (espreatﬂ)

Tprear’ ~ANN (C;, 07%%)

i ine| = | o(an (5)) m
i 6 (ANN cz,ef?a

SRS ¢ (ANN (C;, 62"

Dealers use the inter-dealer market to share the inventory risk they assume in the
public trading round. The price that a dealer quotes to a customer in the first stage depends

on the risk sharing opportunities available in the second stage.

4.3.3 Numerical Method to Search for a Nash Equilibrium

The market participant’s strategy function maps information to an action, such as a
bid-offer schedule (Bz-, QE A, Q{‘). The information used by participant ¢ is his liquidity

shock X;. Therefore, the strategy function s; is a mapping from X; to (B;, QF, 4, Qf).
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A best response of participant 7 is a strategy that maximizes participant ¢ s utility. Given
his initial liquidity shock and other participants’ strategies, if we can find a set of strategies
where every participant plays his best response, then this set of strategies is called a Nash
Equilibrium for the auction.

We propose a numerical method to solve for the Nash Equilibrium. The method
is described in detail in the Technical Appendix. Here we only discuss one necessary
condition to apply this numerical method.

The necessary condition to apply the numerical method is that the utility function
is continuously differentiable. The utility function is continuous in wealth but not with
respect to the parameters of the strategy function.

For examp}e, in this double-auction game, a customer’s order is not executed, when
his bid price lies below the market clearing price. Asa result, there is no change in his util-
ity function. As he slightly increases his bid, nothing happens to the utility function until
the moment his bid is greater than the market clearing price. At that moment, this cus-
tomer becomes a winner of the auction, and his order is executed. Therefore, this customer
observes a discrete change in his utility function.

This discontinuous feature of the payoff function prevents the use of usual optimiza-
tion methods. We develop a smoothing method to modify the payoff function such that the
payoff function is differentiable. When the smoothing parameter approaches a limit, the
modified payoff function converges to the original discrete payoff function. In our simula-
tion, the criteria of convergence is that the difference of the two functions is 1075, Using

this smoothing method, each participant receives a proportion of the auction goods, and the
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proportion decreases as the difference between the participant’s bid and the winning bid
increases. This proportion is controlled by the smoothing parameter. The greatér the pa-
rameter, the larger proportion of the goods the winning bid gets. Therefore, the winning
bidder gets the whole auction at the limit, since th¢ payoff function converges to the origi-
nal step payoff function. (See section 4.6.2 of the Technicial Appendix for more details on

the smoothing method.)

4.4 Simulation Results

44.1 Parameters of trading environments and customer attributes

To determine the preferred market structure of customers, we compare the expected
utility that the customer achieves under two market structures, and across trading envi-
ronments and customer characteristics. We vary the number of customers M as a key
parameter for the change of tradihg environment. The various trading environments that
we consider are defined over a set of initial parameter values.

We first discuss the motivation behind the selection of each parameter value given
in Table 10. The third column in Table 10 presents the parameter values for the baseline
or benchmark trading environment. The parameter values in the last column are those
used to generate modified trading environments. Note that in generating a modified trading
environment or for changing customer attributes, we adjust only one parameter at a time,
while keeping the other parameters at their benchmark values. Based on Table 10, the

realized liquidation value of the security is assumed to be drawn from a normal distribution
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Table 10. Parameter Configuration

| Panel A: Trading Environment Configuration |

Parameters | Definition Baseline | Modified
0% variance of | 0.7
liquidation
value

¥ risk aversion { 0 105
differential
(Ae — Ap)
N number = of |6 12
dealers
%o variance 0 0.7
dealer inven-
tory

Panel B: Customer Attributes
Parameters | Definition Baseline | Modified
(0%, p) variance and | {0.7,0) (1,0)
correlation (0.7,0.3)
of inven-
tory shock of
customers

with mean zero and variance, a‘%-:, which is equal to 0.7 throughout our analysis. Let v
defines the relaiiife diffefence between the levels of risk aversion of the customers and the
dealer. In the baseline trading environment, we assume thai customers and dealers are
equally risk averse, with the aversion value from their expected utility functions set to 1,
so that v = 0. That is, in most trading environments considered, v = 0. However, we
consider trading environments where y=0.5, which implies that dealers are less risk averse
than customefs. This trading environment is meant to capture specialization of dealers in
market making, which implies a superior ability to take on inventory risks.

The trading environment also is adjusted by changing the number of market makers,

N. By adjusting the number of market makers, we can examine the implication of changing
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market capacity. Specifically, we set the number of market makers, N, equal to 6 in the
baseline configuration, and to 12 in an aliemnative configuration of the trading environment.

The degree of dealer heterogeneity can also affect the trading environment (Dutta and
Madhavan 1997). We allow dealers to be either homogeneous or heterogeneous in terms
of their initial inventory positions prior to trading with customers. Dealer inventory het-
erogeneity is intended to capture inventory heterogeneity documented by Reiss and Werner
(1998). It is also intended to proxy for dealer inventory disturbances incurred during the
dealers’ public trading in prior periods. Initial dealer positions for dealersz = 1, ..., IV, are
drawn from a normal distribution with mean zero and variance crg( o= 0.7 when dealers are
heterogeneous, and 0% » = 0 when dealers are assumed to be homogeneous.

To examine how customer attributes affect customer choice of market structure for
a given trading environment, we adjust the characteriétics of the liquidity shc)ck that cus-
tomers receive. To model large versus small customers, we adjust ihe variance of thé dis-
tribution from which the liquidity shocks are drawn. Recall that customers are motivated
to trade because the liquidity shocks they receive requires them to rebalance their portfo-
lios. The larger the liquidity shock, the greater the need for portfolio rebalancing, and the
greater the order size that the customer submits to the trading system. As a result, cus-
tomer liquidity shocks for customer i =1...., M, are drawn from a normal distribution with
mean zero and variance, 0% = 0.7, when customers are characterized as small, and 6% = 1
when customers are assumed to be large. We vary the value of number of customers, M, to

represent different thickness of the market.
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The assumption that the initial liquidity shock X; is independent across customers
does not appropriétely capture the stylized facts observed in fixed-income or foreign ex-
change markets, where there is a tendency for customer orders to arrive in bunches (Grav-
elle 2002). Anecdotal evidence indicates that periods of one-sided order flow occur rela-
tively more frequently in fixed income and FX markets than in equity markets. These order-
flow dynamics likely reflect the arrival of public information about the fundamental value
of the security. Given that the data release is observed by all market participants, customers
tend to trade in the same direction to adjust their portfolios. In our one-shot game construct,
we proxy this order bunching effect by allowing liquidity shocks, X;,7 = 1,2...M, to be
correlated across the customers in some experiments. Given that customer order submis-
sion strategies are in part driven by their realized liquidity shocks, making these shocks
correlated across customers inducés some degree of correlation in customer,order,ﬂow. We
set the correlation between customers liquidity shocks to p=0.3 to engender a correlated or-
der flow. The baseline setting is p=0, which implies that liquidity shocks are independent

across customers and order flow is on average uncorrelated across customers.

4.4.2  Welfare Results

In this section we compare the welfare of customers for two different market struc-
tures: a DA order-book market and a dealership market. In an order-book market, without
the presence of a dealer, customers receive liquidity shocks and then trade directly among
themselves to share the risk. In a dealership market, dealers always stand ready to provide
liquidity to customers and charge a bid-ask spread for the service they provide. In a dealer-

ship market, customers trade with dealers after receiving their inventory shocks, and then
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dealers trade among themselves to share the inventory risk resulting from the public trading
round.

Tables 3 and 4 report customer welfare for each experiment. Each cell in these tables
represents one experiment based on 1000 realizations for each normally distributed param-
eter, F' and X . Customer welfare reported in each cell is the average across M customers,
and the mean of the utility level achieved over the 1000 draws of the random variables for
each customer. Since we use a negative exponential utility function, which is defined in
equation (101), smaller negative values in the cells of the table represent an improvement
in welfare.

Figure 2 shows the improvement in a typical customer’s welfare through trading in
an order-book market. The lower curve is his reservation utility in case of no-trading.
The black dots are kthe rsalizatioris of his utility after trading at the given shocks, and the
upper curve represents the fitted values for all the realizations of the utility. Since the fitted
value lies above the reservation utility curve, we say that on averége, customers’ welfare is
improved after trading.

Each row of these tables corresponds to a different trading environment, one where
the trading environment chahges with the given number of customers, M. The second and
third columns in Tablé 11 correspond to welfare in the baseline configurations of the order
book and the dealership market structures, respectively. All modified trading environments
are compared to these benchmark results.

From Table 11 for the baseline configuration, it is clear that increasing the number

of customers in the market implies improved customer welfare in the order-book system.

148



Increasing the number of customers increases competition for order flow, which reduces the
bid-ask spread, and increases the probability of an execution. An alternative way to think
about this is to recall that large values of M imply a trading environment characterized
by a high order arrival rate. Given that customers seek to rebalance their portfolio by
trading with a larger set of customers, larger values of M imply an increase in the chance
of finding potential counterparts in the order-book setting. This enhances the avenues for
risk diversification for customers, which raises their expected utility.'

In contrast, in a dealership market structure with a fixed number of market makers,
an increase in the number of customers leads to lower custémer welfare (see column 3
of Table 11). An increase in the number of customers imposes greater inventory absorbing
pressure on dealers. In turn, dealers charge wider bid-ask spreads to compensate for greater
inventory risk that they have to bear. As a reksult customer welfare falls.

The risk sharing feature of inter-dealer markets can be illustrated by Figure 3. The
45 degree line is the position that dealer 1 has after trading with customers. It is the initial
position that dealer 1 has when he enters the second stage or inter-dealer trading round.
Dots in the graph are the realized final positions after inter-dealer trading, and the curve
in the middle is the average of the final positions. The graph shows that the average final
position moves away from the initial position and towards the zero line. If dealer 1 starts
with a large positive (negative) position, he is able to sell (buy) some of his risky asset in the

inter-dealer trading round. Dealers share their inventory risk by trading among themselves.

16 See Vogler (1997) and Rustichini, Satterthwaite and Williams (1994) who show that the double auction
outcome quickly converges to the standard Walrasian equilibrium (i.e., the competitive equilibrium) as the
number of players increases. This is the market structure that provides the maximum level of welfare for
customers.
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The risk sharing capacity of the market can be characterized by the slope of the final-
position curve. A flatter line represents a greater risk sharing capacity.

The number of customers is the pivotal parameter. M*, the critical value of M, is the
minimum number of customers required in a market such that customer welfare achieved
from trading in the order book systems exceeds the welfare from trading in the dealership
system. In this setup, the pivotal value of welfare corresponds to M*=6 for the baseline
configuration. That is, in the baseline configuration (defined in Table 10), when the number
of customers reaches 6 or more, customer welfare is greater in the order book system than
in the dealership system.

It should be emphasized that the particular value of M* does not have any empirical
significance since the parameter values used in the simulations have not been calibrated in
relation to empiricél benchmarks. However, how the vaiue of M* changes across various
configurations of the trading environment and customer attributes is important and may
provide relevant insights. |

Columns 4, 5 and 6 of Table 11 report customer welfare levels achieved in the deal-
ership market under various trading environments. Column 4 reports the results from a
trading environment in which dealers hold heterogeneous inventories prior to market en-
try. The critical number of customers varies between M *=6 and M*=9, compared to M*=6
for the baseline trading environment. A greater number of participants is required for the
order-book system to dominate the dealership market. The higher welfare values in col-
umn 4 relative to the baseline dealership structure in column 3 indicates that customers

are better off when dealers are heterogeneous in terms of their initial inventories. Het-
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Table 11. Customer Welfare for Various Trading Environments

Number - of | Order-book Dealership
customers, M | Market Market

Baseline Baseline 0% =0.7 v=05 N =12
4 -1,1482 -1.0585 -1.0325 -1.0311 -1.0557
6 -1.0936 -1.1017 -1.0717 -1.0480 -1.0599
9 -1.0700 -1,1039 -1.0960 --1.0520 -1.0660
12 -1.0561 -1.1107 -1.1100 -1.0533 -1.0660
18 -1.0442 -1.1194 -1.1182 -1.0544 -1.0687
24 -1.0364 -1,1335 -1.1314 -1.0585 -1.0818

erogeneous dealer inventories increase the liquidity risk sharing capacity of the dealership
structure. Since dealers at the extremes of the inventory distribution post the most compet-
itive quotes, customers with opposite trading desires are able to trade at better prices than
in the baseline trading environment. In the benchmark dealership environment, customers
at either end of the liquidity shock spectrum face a homogeneous set of dealers quoting
identical prices. In this modjﬁed environment, dealers use the first stage of trading as a
way to unwind their initial inventory positions by offering better bid-ask spreads to attract
customer orders.

Column 5 of Table 11 reports the simulation results for a trading environment in
which the dealers are less risk averse than their customers, and the difference in the risk
aversion parameter between customers and dealers, -, is 0.5. In the baseline trading envi-
ronment, dealers and customers are assumed to be equally risk averse. The critical number
of customers in this trading environment, M”, rises between 12 and 18. A greater number
of customers is required for the order book market to prevail under this trading environment
than under the benchmark environment. Given that a dealer’s bid-ask spread is a function

of his risk aversion, customers benefit because less risk averse dealers quote narrower bid-
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ask spreads in this trading environment. This result is consistent with those found in the
market microstructure literature that considers risk averse market participants (e.g. O’Hara
1995; Madhavan 2000).

Column 6 of Table 11 reports customer welfare resulting from a trading environment
in which the number of dealers, N, is set to 12. The critical number of customers M* rises
relative to the baseline environment to 12. A greater number of customers is required in
this case than in the baseling trading environment for the order book market to dominant
a dealership market. Since more dealers participate in second stage inter-dealer trading
which improves the risk sharing capacity of the market, these dealers can quote narrower
bid-ask sprg:ads to the customers in the first stage. Therefore, customer welfare is higher
than that for the baseline case where there are 6 market makers. Similarly, models of
dealership markets that ignore private information show that greater competition among
dealers or better risk sharing opportunities redqces the bid ask spreads offered to the public
with an increase in the number of dealers (e.g. Grossman and Miller 1988; Vogler 1997).

Figure 4 presents the r¢sults using a cubic spline interpolation on the data in Table 11.
Two thicker lines represent the baseline trading environments of both the order-book and
dealership markets. Their érossing point is the value of M*. Compared to the baseline case,
M? decreases in the risk aversion of dealers, and increases in the variance of the inventories
of dealers prior to market entry and the number of dealers who make the market. Thus, low
risk aversion, greater heterogeneity in dealer inventories and a large number of dealers
make a dealership market relatively more competitive. A larger number of customers is

required for an order-book market to prevail.
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Concern has recently been expressed by policy makers about the effects that bank
mergers may have on market liquidity. As illustrated here, reducing the number of mar-
ket makers IV from 12 to 6 reduces the market making capacity of the dealership market
structure and in turn market liquidity. This makes customers worse off as reduced market
liquidity is reflected in wider bid-ask spreads. However, as D’Souza and Lai (2002) show,
the effect of bank mergers on market liquidity may be ambiguous. If two business lines
are correlated, mergér increases the total amount of allocation of the risk capital of the new
firm. In turn, this may reduce the risk aversion parameters for the new firm and increase
the market making capacity.

Combining the trading environments represented in columns 5 and 6, we can in-
vestigate what happens to M* when the number of dealers N declines from 12 to 6 and
dealers also-become less risk averse. Column 5 represents a trading environment where
dealers’ risk aversion is 0.5 and customers’ is‘ 1, compared to the baseline case where the
risk aversion levels of both dealers and customers are equal to 1. M™ in this modified trad-
ing environment is best illustrated in Figure 4. The two dealership curves that lie near the
top of the chart depict the results as M is varied. The top dealership curve represents the
trading environment with 6 dealers and «y =0.5, and the second curves plots the results for
the trading environment with 12 dealers and y=0. As the number of dealers declines and
dealer risk aversion declines, M* rises from 10 to about 13. This indicates that the dealer-
ship system is more likely to prevail even as the number of dealers decline. In this setup,
the decline in dealer risk aversion more than offsets the negative impact on the risk shar-

ing capacity of the dealership market arising from a decline in the number of dealers. As
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such, our frameworks predicts that a reduction in the number of market makers does not
unambiguously imply a reduction in the market quality of dealership markets.

Table 12 reports the welfare values from simulations where customers are subject to
liquidity shocks with larger variance compared to the baseline case. As a result, customers
have greater chance to receive large liquidity shocks, which affect the welfare values for
both market structures. First, the critical number of customers M* rises to 9 from 6 in
the baseline setting (Panel B). An increased number of customers M is required for an
order book market to prevail when customers are subject to large liquidity shocks. Figure
5 illustrates the results from Table 12. Customer welfare decreases in both the order-book
and dealership market structures relative to the baseline environment when customers are
subject to large liquidity shocks, but the dealership welfare values are affected less than the
order-book system values when M is relatively small.

These results may be explained as follows. In the dealership market structure, dealers
are modelled as posting bid-ask prices but are assumed to accept orders of any size at these
prices. The dealer’s mandate of accepting any order size, C}, at their posted bid-ask prices,
is more beneficial for customers who supply large orders to the market than for customers
who are relatively homogeneous and are subject to small liquidity shocks. Moreover, cus-
tomers with large orders benefit from second stage interdealer trading in the dealership
markét structure. Dealers compete for large orders that they can then lay off with other
dealers in the interdealer setting. Thus, customers subject to large, high-variance shocks

benefit from the exitra risk sharing capacity offered by the dealership market structure.
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Table 12. Altering Customer Attributes: Impact of Large and Correlated Shocks

Panel A: Baseline Environments

Number of Customers | Order-book Market |

Dealership Market

M=4 -1.1482 -1.0585
M=6 -1.0936 -1.1017
M=9 -1.0700 -1.1039
M=12 -1.0561 -1.1107
M=18 -1.0442 -1.1194

Panel B: High Variance

of Customer Liquidity Shocks

| Number of Customers | Order-book Market | Dealership Market
| M=4 -1.2549 -1.1365

M=6 -1.1783 -1.1428

M=9 -1.1368 -1.1662

M=12 -1.1146 -1.1816

M=18 -1.0985 -1.2041

Panel C: Correlated Customer Liquidity Shocks

Number of Customers

Order-book Market

Dealership Market

M=4 -1.2787 | -1.1764
M=6 -1.2448 -1.2007
M=9 -1.2229 -1.2169
M=12 -1.2224 -1.2484
M=18 -1.2107 -1.2698
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When customers are characterized by correlated liquidity shocks (Panel C), we find
that the dealership market again is more likely to prevail than is the case for the baseline
setting. Relative to the baseline environment, the critical number of customers M™ rises
to 12. From Table 12, it is clear that environments characterized by correlated order flow
challenges the inventory risk management capabilities of both market structures, as average
customer welfare declines relative to the baseline cases. However, again the dealership
market structure handles this better than the order book market structure does and so implies
a greater M* value than in the baseline case. In summary, when customers are subject to

large, correlated liquidity shocks, dealership markets tend to dominate order-book systems.
4.4.3 Measures of Execution Quality

Given the multidimensional nature of execution quality, it is important for intermar-
ket comparisons to be based on either a broad set of execution quality measures or somei
measure directly related to customer welfare. Although our approach provides results on
customer welfare across market structures, we can also calculate several common measures
of execution quality. Thus, for the experiments in which customer attributes are varied, we
calculate the bid-ask spreads observed in the order book system and the ones observed in
the customer-dealer trading round of dealership system. We also calculate the probability
of execution observed in the order book system. Since we do not consider the case of trans-
action within the bid and ask spread, the dealership system ensures execution of all public
orders under all trading environments. Thus the probability of execution is a measure that
is pertinent only for limit-order book systems. Customer welfare is negatively related to

bid-ask spreads and is positively related to the probability of execution.
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Table 13 presents the bid-ask spreads calculated in three different cases: the baseline
environment; the case where customers are subject to large liquidity shocks; and the case
where customers are subject to correlated liquidity shocks. The bid-ask spreads reported
in each cell of Panel A of Table 13 represent the average bid-ask spreads submitted to the
trading system by the set of M customers. Each cell in Panel B reports the average bid-ask
spread posted by dealers in the public segment of the dealership system.

In the order book market (Panel A) of Table 13, bid-ask spreads for a given number
of M are larger than those observed in the baseline case when customers are subject to
higher variénce liquidity shocks. For the dealership market (Panel B), the rise in bid-ask
spreads is less substantial in general. However, when customers are subject to correlated
liquidity shocks, the increase in bid-ask spreads relative to the baseline case is greater in the
order-book system and is substantially greater in the dealership inarket. As liquidity shocks
increase in size or become correlated, the orders submitted by customers increasingly tax
the abilities of both the order book and dealership markets to provide rebalancing services.
Thus bid-ask spreads increase to compensate market participants that are more likely to be
left with undesired portfolio or inventory positions.

Table 14 reports the probability of execution of an order book market. Each number
is calculated as the average percentage of the bid and ask order execution in each period
per person. Formally, it is defined as (1/M)(1/T) X, o1 (Igu>py) + Lias<py))- When
customer liquidity shocks are correlated, the simulation results reported in Table 14 indi-
cate that the average probability of limit order execution across customers decreases from

those observed in the baseline case. The decline in the probability of execution reflects the
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Table 13. Bid-ask Spreads in Order-Book and Dealership Markets

Panel A: Bid-ask Spreads in Order Book Market
Number of | Baseline: Variance of | Correlation
customers variance of | the shock is | of the shock
the shock is | 1.0 is 0.3
0.7 ‘
M=4 0.4977 0.5902 0.4962
M=6 0.4193 0.4873 0.4316
M=9 0.3789 0.4079 0.4282
M=12 0.2911 0.3550 , 0.4267 -
M=18 . = 0.2802 0.3347 . - 0.4204
M=24 0.2490 0.2976 ~| 0.4194-
Panel] B: Bid-ask Spreads.in Dealership Market
Number of | Baseline: Variance of | Correlation
customers variance = of | the shock is | of the shock
the shock is | 1.0 is 0:3
0.7
M=6 0.3298 0.3718 0.8870
M=9 0.3388 0.4382 1.0035
M=12 0.3612 0.4533 1.0357
‘M=18 0.4213 0.4832 1.0766
M=24 0.4638 0.5012 1.0978
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smaller number of offsetting customers orders being submitted to the market when orders
are correlated. However, the presence of customers in the order book market who are sub-
ject to larger liquidity shocks increases the probability of execution. This occurs because
customers are more heterogeneous in this case and thus are more likely to be matched
with customers submitting offsetting orders. Given that the probability of exécution in the
dealership market structure is always one, any increase in the order—execﬁtion probability
observed in the order book market tends to increase the likelihood of this market prevailing,
other things being equal.

The effects on the execution quality of the order-book market seem ambiguous when
one combines these higher execution probability figures with the'wider bid-ask spread mea-
sures for large customers, as reported in Panel A of Table 13. However, as shown in Table
12, customer welfare is lower compared to that in the baseline environment When the lig-
uidity shock variance increases. The effect on customer welfare from wider bid-ask spreads
tends to outweight the beneficial effect of the higher probability of order execution. This
illustrates the danger of gauging market quality solely on a single measure. The reliance
on one measure of execution quality, probability of execution in this case, would have led

to the wrong conclusion about the impact on customer welfare.

4.5 Conclusion

In this chapter, we examine the factors that affect a liquidity motivated investor’s
preference of market structure. We compare the welfare associated with customers in a

dealership market structure and a limit-order book structure. We find that the customer’s
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Table. 14. - Probability of Execution on Order Book Market

Number of | Baseline: Variance of | Correlation
customers | variance of | theshockis | of the
the shock | 1.0 shock is 0.3
: (15 0.7
M=4: 0.5328 0.5563 | 0.5011
M=6 0.5754 0.6503 0.5712
M=9 0.6254 0.6683 0.5734
M=12 0.7317 0.7239 0.5898
M=18 0.7502 0.7511 0.5953
M=24 0.7697 0.7785 0.6023
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choice of trading venue varies depending on the trading environment in which they trade
in and the customer’s own charac;eristics. This study builds on the theoreticaly market
microstructure literature in that it develops a theoretical model for both the dealership and
order book markets. However, to capture the variety in trading environments and customers
characteristics observed in actual financial markets, we use an agent-based computatiqnal
approach that allows us to examine the equilibrium properties of models that are richer
than those in the extant literature in terms of the heterogeneity of trading and customer
attributes.

The main predictions of our model can be summarized as follows. First, an increase
in the thickness of the market, measured by the number of customers submitting orders at
any point in time, causes a rise in probability of an order book system prevailing. Second,
customers Who submit large-size ‘order flow and customers Whose ordef ﬂow‘ tends to be
correlated, are more likely to trade on dealership trading systems than those customers
who are smaller and whose order flow is hardly correlate. Third, decreases in the number
of dealers increase the likelihood that the order-book market will prevail as the preferred
trading venue of risk averse customers. Fourth, an increase in the degree of risk averse
dealer heterogeneity or lower dealer risk aversion levels (relative to customer risk aversion)
increases the likelihood that customers will choose to trade on the dealership system.

The findings of the paper can be understood in terms of a market structure’s capacity
to supply liquidity-risk-sharing services under different trading environments, combined
with the idea that the varying demand for these services depends on various customer at-

tributes. As trading environments are changed or as customer attributes are varied, a par-
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ticular market structure will be more robust in terms of its capacity to provide risk sharing
services to market participant and in turn become the preferred trading venue. Overall, our
study shows that policymakers should be leery of adopting regulations that explicitly or
implicitly force'competing trade venues (i.e., competing trading systems)to adopt identical
or similar trading architectures. This type of “one shoe (market structure) fits all ” policy
would in the end be detrimental to public investors whom regulators seek to protect.

‘The results also help explain several of the empirica] regularities observed in finan-
cial markets. First, these results explain the existence of multiple trade venues each with
different trading structures in various financial market segments. Given the heterogene-
ity of customer characteristics, different market structures appeal to different customers.
To the extent that some types of customers lack access to their preferred market trading
system, the entry of new tfade venues that offer trading structures that appeal t<; thishnder-
served customer explain their success in chpeting with incumbent trade venues. Second,
our model sheds some light on why the public trading'Segmenis of the government bond
and FX markets are predominately organized as dealership markets. One explanation could
be that these markets are driven mosﬂy by large institutional investors with large-size and
likely correlated order flow. Under this trading environment, dealership structure is a better
choice for these customers.

There are several questions that lie outside of the scope of this study which we leave
for future research. First, asymmetric information does not play a role in the dealer’s or
the customer’s optimizing behavior. Therefore, the spread that a dealer quotes is only a

function of inventory risk. To be more realistic, these spreads should be a function of
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both inventory risk and the asymmetric information once we allow customer order flows to
carry pay-off relevant information. Given that our traders do not act on private information,
we cannot examine how the public disclosure of trade information may impact customer
welfare and execution quality in various trading environments. However, our approach
is sufficiently flexible to allow our market participants access to private signals about the
liquidation value of the security. This should be pursued in future work.

Second, we do not examine the degree of market efficiency offered by the two market
structures examined. A key question raised in much of the agent-based literature is the
extent to which the market efficiency of any given market mechanism is attributable to the
trading agents’ behavior versus the inherent design of the market structure. It would be
interesting to measure the degree of market efficiency achieved in the trading mechanisms
examined he're, and then to aséess the extent to which market efficiency is ,atiributable to
these various factors.

Finally, Canadian regulators recently considered rules that would, in effect, have al-
lowed customérs ih the government securities dealership market to submit orders to the in-
terdealer broker system rather than trade with dealers. This initiative would have changed
the nature of the decision-making process of both the customers and dealers, since cus-
tomers would have direct access to the inventory risk-sharing services provided by the in-
terdealer broker system rather than indirect access to these services through dealers. Future
research on this issue could examine three market trading mechanisms: the two studied in

this chapter, plus a third hybrid dealership structure. In the third one, some customers sub-

163



mit orders to the interdealer broker system (modelled as an limit-order system) while other

customers continue to trade with dealers.

4.6 Technical Appendix

In this section, we present the numerical procedure used throughout this chapter to
find the optimal strategies for each dealer and the resulting equilibrium. The procedure we
develop is usable to solve a wide class of one-period simultaneoué-move games. Under
certain conditions, one can also use this method to solve multiperiod games, such as in a
dealership market and an order book system, which is considered m this chapter.

Before describing the numerical procedure we note the following two caveats. First,
even though a wide range of g’amas can be solved using our method, we ,do not seek to
define the ciass of games that can be solved by our method. Second, if a game admits mul-
tiple equilibria, there is no guarantee that the method we propose herein can numerically
solve all of them. Moreover, dépending on their stability characteristics, certain types of
équilibria cannot be attained using our method.

The following section describes the type of game that our method is intended to solve
and the method itself. The two subséquent sections describe their application to order book

and dealership markets.

4.6.1  Description of the algorithm
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Necessary Conditions for Nash Equilibrium

Let I be a simultaneous move game described by the following elements. Let N =
{1,...,N} be a set of N players. Each player observes a particular random event w;
drawn from a distribution with support {2; C RM. Each player also has a set of strategy
S; : w; — a; € A;, which maps a random event w; to an action a;, where A; is a set of
actions. The game also defines for each player a payoff function U : ((ai);cnr»€) — Ui
a real number depending on the realization of a random variable €. Therefore, the problem

faced by each player is to find a strategy s; € S; such that

5t () jens- ) = argmax BU; ( (s (w3))jen€) (115)
where N~ = {1,..i—-1,i+1,..N}. The function s; is the best-response function of

player z. In the case where
st ((s;*)jem_) =5 VieN, (116)

we refer to the set of strategies (s;*);.,, as the Nash equilibrium of the game I'. As (116)
indicates, a Nash equilibrium is a fixed point of the best response function of all the players
taken simultaneously.

This section describes how this fixed point problem is solved numerically. As ex-
plained later, this procedure optimizes numerically the utility function over the possible
strategies of each player. In order to guarantee that a numerical optimization is possible we

require that the game respects the following two conditions:
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Each strategy function can be parametrized by a real-valued vector of parameters
#;. We want the strategy function to have a parametric form since the numerical
optimization of each player’s utility is substantially simplified if we optimize over a

set of parameters rather than a set of functions.

The utility function U ( (8 (W5 05) sen > s) is continuously differentiable on ;. If
this condition does not hold, the characterization of the optimal response of a player is

much more complicated to define and to obtain numerically.

If these requirements are met, a necessary condition for a set of strategies (s}*),;. - to

be a Nash equilibrium is

OEU; /, .. | _ ,
= (65 @530) e v8) =0 VieN (117)

This condition states that no player has an incentive to deviate, at least locally, from s*.
The game in this chapter does not satisfy the function given by the equation (117).
Nevertheless, it is possible to modify the game in such a way that both conditions

are met. Doing so allow us to apply our numerical procedure on the modified game. More

specifically, each aspect is treated in the following way:

With respect to the first condition, suppose that we know very little about the form
of s*. It is still possible to use a flexible function that is parametrized by a vector
of parameters ¢ that can be arbitrarily close to the real optimal strategy function s*.

Numerous examples of such functions exist, such as splines or kernel-based functions.
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For the particular games we analyze in this chapter, we use a flexible form of Artificial

Neural Network (ANN) that has a form given by

a; = Ei(wi;ﬁ) | (118)

= ANN (wi; 9)

= fig+ Z Oir ( i(H+1)+k T Z Oi2m+1)+ ‘Ui,j) ’

where qa; is the action performed by player : with given information kw,— and a strategy
described by the vector of parameters 6. J is the total number of inputs. The function
 is generally chosen as a twice céntinuously differentiable function from R to a
bounded interval of R, generally (0,1) or (—1,—1). A few standard choices for the
activation function  are tanh, sigmoid or a bell-shaped Gaussian function.

Often, this form is deséribed in terms of its number df input nodes, which is equél to
the dimensionality of w; and its number of hidden nodes, given by the parameter H.
This terminology refers to the laycred organization of the ANN specification. More
explicitly, the value of the argument w; ; is referred to as the activation level of the
input node j, the value of ¢ (...) is called the activation level of a hidden (or middle)

node, and q; is called the activation level of the output node.

Since U; is generally a continuously differentiable function of 6;, we first define an
increasing sequence of real numbers {1, }xer s.t. hm 71, = 00, and then look for a
sequence of functions (Uink)nen that are each continuously differentiable on §; and
tend to U; as k — oo. We refer to the variable 7, as the smoothing parameter. The

particular choice of 17;“ we used in this study is explained in the following section,
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where we describe more explicitly the application of our procedure to the games

analyzed herein. At this point, one should think of U?’“ as given.

Numerical Procedures for Nash Equilibrium

Once a parametric form of the strategy function and a continuously differentiable
utility function are defined, it is possible to numerically find an equilibrium of the modified
game using the strategy and utility function.

The method we use here is the following: for a given value of  we have a set of

iEN

functions ((7:70) that define the game I which has an equilibrium (5] (w;; 6;)), iy

characterized by (117). To get the equilibrium for I", we first set a relatively low value 7, for

Pdal

the smoothing parameter and search the equilibrium strategies (5] (w;; 6:)) Then we

PEN"
increase the smoothing parameter to 7, and track the movement of the equilibrium. This
procedure is continued using a sequence (), 73, ...) that tends to infinity. This procedure
yields a sequence of equilibria ((52*” (wis gi))ie V)k ~of the sequence of games
N k=1.2,..K

(f‘"k) that tends to the equilibrium of I

k=1,2,...K

More explicitly, for a given n,, it is possible to approximate numerically the equilib-

rium of the game Rl by using the fixed point characterization given in (116) or (117). The

procedure is as follows:

Draw a large number, 7', of realizations of the random variables (w;);.,, Where €
should be drawn from the appropriate distribution. These variables are noted as

(Whenvandet, t =1, ... T
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For i = 1, and given (6;) ; ;, we numerically search for
1~
argmwe 2 307 (51 (456) o) (119)
t=1

and assign that value to @;. This procedure corresponds to finding the optimal
response of player ¢ to the strategies (s; (w%; 8;) )je - This is equivalent to solving the
equations given in (117) for 6.
The variable ¢ is increased incrementally to ¢ + 1, and step 2 is repeated until

convergence of all the (s; (w};6;)) ;"

After applying this procedure an equilibrium is obtained for the game I™. The
smoothing parameter is then increased from 7, to 7;.,, and a search for an equilibrium
of the game I'k+1 using the values obtained at the equilibrium of I as starting values for
6. Repeating this procedure until n is 1ﬁge enough, we obtain the equilibrium of a game

that is an arbitrarily close approximation of the game I".

4.6.2 Application A: Order Book Market — A One Stage Game

In an order book market, we have a set M of M customers. Each of them receives a
liquidity shock X; and participates in a double auction by posting a bid quote (Bi, QF ) If
the bid B; is greater than the price P, the customer agrees to buy Q2 units of the risky’asset
at the price P. Also, the customer posts an ask quote (Ai, Q,-A). This indicates that if the
price is above his ask A;, he agrees to sell Q7 units at the price P. This price in a double

auction (DA) is given by Eq.(103).

17 The formal demonstration of the convergence of the smoothing method is beyond the scope of this

study, and we leave that for our future research.
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After the auction, the value of the risky asset F is revealed. The random variables
F and (X;);c\are independent normal Qariables with mean 0 and variance 0% and 0%,
respectively.

The information used by customer i is w; = (X;). Therefore, the strategy function s;
is a mapping from X; to (B;, QF, 4;, Qf), where B; < A;and QF, Q& > 0. We can define

the wealth of player ¢ by

W;=X;F+Q; (F ~ P) (120)

where (); is the quantity executed of player i’s order and payoff to player ¢ is in turn given
by

Uz' = —€Xxp ('—/\1 Wz) (121)

where A;is the risk aversion of customer 7.

Parameterization of the strategy function

As mentioned in Section 1 of the Appendix, there are two necessary conditions for
finding the Nash Equilibrium. The first deals with the parameterization of the strategy
functions. In this application we use the following specification for the strategy functions

of market participants:

= ANN (X;, 67 (122)
A - B, = ¢(9§pread)
Q? = ¢(aNN (x,68"))

Qf = ¢(ANN (X, 02"))
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. 7
Therefore, 6 is (9;"“1, gsrread 9@° 9?"‘) . ANN is defined by Eq. (118). The function ¢

is given by
¢ (z) = log (1 + exp (z))

and is used to give non-negative actions.

Modification of the Utility Function

It can easily be noted that the function U; does not satisfy the smoothness conditions
mentioned earlier. To make the utility function differentiable, a smoothing technique is
required to modify the utility function. In this application we show one example for the
smoothing method that can be used in this game.

Givena smoothing parameter 7, we rewrite the definition of P, now noted P, as the

root of:
B § AT ;
> QP T, s -3 o IPn o= (123)
where I~,, is defined as
( 0 if r<——
9 7
5 %@L+ +3 iof —— <z <0
Ity = 4 2 n (124)
@n)” | 17
- zn+= if O<z<-—
2 2
1 uf > —
. n

Hence, fn is a second degree polynomial defined by components having continuous
first derivatives everywhere. In the limit, (as 7 — o0), it is equivalent to I (z > 0). It

offers the advantage that the space of polynomials so defined by components is closed
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under addition. This implies that (123) also is a second degree polynomial defined by parts
having continuous first derivatives. Therefore, its root easily are calculated.

The use of the function fn is illustrated in the excess demand function given in Figure
6. As the smoothing parameter 7 increases from 1 to 200, this smoothed excess demand
function becomes steeper and approaches the step function.

Since the polynomial indicator function is closed under addition, the excess demand
function (123) also is a second degree polynomial defined by components. Therefore, its

root, ]5,,, can be calculated. Now given ]5,,, the executed quantity for the player ¢ is

Qy = Qf jZBi—I:"") - Qf iZf”?—Ai)’ (125)

The wealth of player ¢ in equation (120) becomes

W =X F+Q] (F-P). | (126)
Accordingly, the utility function in equation (1) becomes
U7 = —exp (——)\,' W':’) : (127)

The objective function of each player is approximated by simulation. This method
begins by drawing T realizations of the vector (X;);. . Given (X, 0;) , each player sub-
mits a bid and ask quote (B, QF, A;y, Q4), from which we can find (15{7, »it). Condi-
tional on (Xj¢), s, the wealth of player 7 has a normal distribution with mean Q1 Py
and variance 0% (Xit + QZ) 2. Therefore, the utility of player i conditional on (X;;),c 4 is

written as

22
A 0%

E ((7117 I (th)jeM) = —€Xp ( 5 (Xit + Q?)z + X Q7 Ptn)
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The objective function for player ¢ is approximated by

B07 2 =3 B (0] (Xi)jen) (128)

T
=1

For our experiments, we consider 0% = 0.7, 0% = 0.7 and \; = 1. These values
guarantee that the mean and the variance of the unconditional expected utility are still finite
in the case where no trade happens in the double auction. Also, we set T' = 1000 for the
number of random draws. The smoothing parameter 7 starts with an initial value of 1 and
is multiplied by 1.2 on each iteration, until it reaches a value of approximately 1000. The
ANN structure is one input-one hidden node and one output. The activation function ¢

takes the form of ¢ (2) = tanh (z).

4.6.3 Application B: Dealership Market—- A Two Stage Game

Recalling that in a dealership market, we have a set M of M customers indicated by
j, and a set N of N dealers indicated by i. Each customer receives a liquidity shock X;.
Each dealer i submits a pair of quotes (B}, A}) that indicates that the dealer agrees to buy or
sell any number of units of the risky asset at a price B} or A}, respectively. Each customer
J then is allowed to observe a randomly chosen set of k dealers denoted A ; and determine
the quantity C;; that he wishes to trade and with which dealer. The total amount traded by
the customer j is denoted C; = >, Ci;. The dealers then are allowed to trade among
each other by participating in a double auction, where they submit a bid quote (BZ, QF?)
and an ask quote (A?, Q;-“) . In a similar way as in the order book market, a quantity (J; is

executed at a price P. Finally, a fundamental value F’ is revealed.
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In the first stage of the game, each customer observes a set of quotes (B}, A});c T

Note that the maximum bid of that subset —E;» and the minimum ask A, specifically, are:

B: = max{B!:ie A}

J

A; = min{4] ;i€ A}

Similarly, as in an order book market, the values for Pand ;can be smoothed ac-
cording to equation ( 123), (124) and (125).
C,; still has to be written as a smooth function of B* and A'. First, we rewrite the

best quotes B; and A; as

= ZieAj B} exp (nB})

B, = (129)
? 2iea,; &P (nB})

Zln _ ZieAj Azl eXp ,(‘—77 A%) :

= ZieA} exp (-7 Azl)

These functions are weighted averages of the B} and A} and converge toward the

maximum and minimum elements of (B; )., and (4}),c a, » Tespectively.

€L
Consequently, customer’s order C; in function (109) can be rewritten as

B A
C'=|—i _x. |1 + = _x\r _
TNk ) (E) e ) (A

The share of C; in function (111) that is passed to dealer 7 is given by

~ ~ |~ exp (n B}) ~ exp (—141)
CZ" — Cﬂ I77~ : + Iﬂ ~1 ;
TN (B -PR) Kiea, @@ (B) T (PFE) T, exp (-1 4])

Finally, a smoothed version of dealer i's wealth (113) is written as

(130)

Whn = cm [ 7 1, o N A (An i
W= ZjEM G (1(5;7]->0)Ai + 1(5;’].«3) Bi) QP+ F (Qi Z]EM Cij)
(131)
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The objective function of each dealer is approximated by simulation. First, T real-
izations of the vector (X;),.,, and (4;), ,, are drawn. Conditionally on (X;);,, and
(A;) jem » dealer s wealth 1717,-1) 7 in eq. (131) has a normal distribution with mean and

variance as:

~n ~ ~ ~ ; o a
E(I/Vit ni (th)jeM g (Ajt)jeM) = ZjeM C?jt (Igazljt>0)A%t + I(@gjt@) let) - ?t-Ptn
(132)

—_— . N2
UGT(VVi?n' (th)ng ; (Ajt)jej\/() = ‘7% ( %= ZjeM Cinjt) v (133)

Therefore, the utility of dealer ¢ conditional on (Xj) ;. 1, and (A ) is written as

jem>

E(UL" (th)jeM » (Bjt) jem) , (134)

= - exp[___/\D (E(W/z?nl (X]t)]eM I (AJt)JEM)) + 2 va’r(v‘fitDn‘ (X]t)JEM 3 (AJt)jGM)]
Using a method identical to the one used in the order book market, the unconditional ex-
pected utility is approximated by
1 Z

E(U) 2 2 3 B (Xit)jens - (D) jers) (135)

t=1 .

For the baseline experiments, a setup similar to the one used for the order book system
is chosen in order to facilitate the comparison: 0% = 0.7, afx = 0.7, \P = 1, A = 1. We
use 7" = 1000 random draws. The smoothing parameter starts with an initial value of 1 and

is multiplied by 1.2 on each iteration, until it reaches a value of approximately 1000.
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Chapter 5

Conclusions and Future Research

5.1 Major Findings

'This thesis bridges agent-based simulations and the market microstructure literature.
The first chapter provides a road map for agent-based research and a selective survey of
market microstructure research on institutional design. Despite the many insights generated
from agent-based studies, most of this literature fails to address the importance of trading
institutional design in financial markets. The three following chapters investigate issues
regarding institutional design from various pérspectives.

Chapter 2 advances the agent-based literature by introducing a more realistic con-
tinuous double-auction trading mechanism in a simulated market. It studies the impact
of market mechanisms on the learning behaviors of agents and, in turn, market dynamics
compared with a benchmark case involving a Walrasian auction. In most of the agent-based
literature, the time is irrelevant. For instance, in a Walrasian auction, trades are aggregated
and the market prices are determined by the net tradihg imbalance. The time when orders
are submitted is not relevant as transactions always occur at the equilibrium price. In a
continuous double auction market, however, the time of order submission has an impact
on the transaction price. In turn, prices become path dependent. We find that market dy-

namics under double-auction converge to the Rational Expectation Equilibrium in some
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experiments. However this convergence is sensitive to deviations from rationality. In fact,
in the experiments where noise trading is introduced, convergence becomes unattainable.
Therefore, minimal rationality is not sufficient to generate convergeﬁce in a double-auction
market when market prices are endogenous. When thé liquidation value is endogenously
generated, the convergence to REE is difficult to attain. Because market prices depend on
each participant’s expectation for the asset. However, whether it is caused by the learnihg
behavior of agents or by the double auction trading system is still a question that remains
unanswered.

Chapter 3 builds a theoretical model to investigate the determinants of the dealer’s
choice of market mechanism in the context of inter-dealer trading. The choice set includes
two inter-dealer markets (IDM); namely, an order-driven brokered IDM and a quote-driven
direct IDM. We show that the brokered IDM dominatés the direct IDM under certain con-
ditions. Under these conditions, the brokered inter-dealer market provides a better risk-
sharing opportunities in the sense that the trading dealer can unwind a greater proportion
of his inventory at a lower cost.

In the absence of information asymmetry, we show that a sufficient increase in volatil-
ity of the asset and dealer risk aversion tends to shifts IDM trading from being direct to
being brokered. Moreover, our findings suggest a link between the choice of inter-dealer
trading venue with the dynamics of customer order flow. We show that an increase in the
volatility of customer order flow tends to shift the IDM trading to be brokered. This finding
is particularly interesting for markets, where trading on private information is not signifi-

cant.
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We also demonstrate that the dealer’s choice of inter-dealer trading venue has an
impact on customer welfare. When dealers have a choice of inter-dealer markets, we show
that a customer can negotiate a better or at least not-worse price than when dealers do not
have. In turn, this implies that the welfare of cuétomers improve or at least is not worse-
off when dealers have a choice of inter-dealer trading venues. This result may explain
the widespread use of the hybrid of two inter-dealer trading mechanisms in a variety of
dealership markets that are populated by institutional investors.

In Chapter 2, agent-based models with more realistic trading system and strategies
are are used to capture the complex learning behaviors and dynamics in financial markets.
Under this framework, financial agents do not necessarily interact in an optimal fashion.
Chapter 3 builds a theoretical framework to smdy the equilibrium behaviors of agents in
a highly idealized setting. By solving the Nash equili’bri"u‘rrjl of the game numericaliy, we
ensure that agents interact based on their optimal strategies in Chapter 4.

Chapter 4 studies the cusfomers choice bf an order-book market versus a dealership
market. Using agent-based simulation, this chapter develops a numerical method to solve
for a Nash equilibrium. We find the presence of dealers increases the welfare éf public in-
vestors in economies with less opportunities for improving risk sharing. More precisely,
customers who submit large-size order flow and customers whose order flows tend to be
correlated, are more likely to trade on dealership trading systems. A decrease in the thick-
ness of the market, measured by the number of customers submitting orders at any point
in time, causes a rise in the probability that order book system prevails. An increase in the

heterogeneity of the degree of risk averse dealers or lower dealer risk aversion levels (rel-
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ative to customer risk aversion) increases the likelihood that customers choose to trade on
the dealership system. |

The findings of this chapter can be understood in terms of a market structure’s capac-
ity to supply liquidity and risk-sharing services under different trading environments and
varying demand for these services. As trading environments are changed or as customer
attributes are varied, a particular market structure will be more robust in terms of its capac-
ity to provide risk sharing services to market participants. In turn, this trading venue will

become the preferred trading venue.

5.2 Future Research

Although agent-based simulations have already demonstrated an ability to under—
stand many’aspects of ﬁﬁancial markets, more formal modelling is required for the field to
progress. Current agent-based simulations have generally involved little formal modelling.
It is hard to pin down the relationships among variables without a structured model. One
direction for this field is to search for an appropriate tool, such as game theory, to set-up the
experiment to model the strategic behavior among agents. We made the very first attempt
to use game theory to formalize an agent-based simulation in Chapter 4 where a numerical
method was developed to solve for a Nash equilibrium. The generalization of this numer-
ical method, the characteristic of the class of games to which this method can apply, and
the convergence properties of the numerical method remain interesting topics for future

research.
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Theoretical research on microstructure features of fixed income and FX markets are
needed. Goodhart and O’Hara (1997) in their survey article state “... a serious omission
in the work survey is the lack of research on microstructure issues in fixed income market.
Despite the size and the importance of these markets, there are virtually little empirical and
theoretical microstructure analysis.” (page 105). The model typically employed in the anal-
ysis of equity markets emphasizes the role of private information, and it models the price
procéss by informed traders, uninformed traders and a market maker. Analyses of fixed
income and FX markets have focused more on public information. In this approach, inven-
tory control plays an important role. But is this the only motivation for trading? What is the
role of dealers, and to what extent can this role be replaced by a centralized order-driven
electronic trading system? We have attempted to answer some of these questions in Chapter
4 assuming the absence of asymmetric information. However, if asymmetric inforfnation
exists on these markets, does it exist among dealers, between dealers and customers, or
between different types of customers? Where this asymmetric information originates and
how dealers use this information to extract rents from customer also are of interest. All
these aspects are not well understood yet.

Although empirical research on the microstructure of fixed income markets is needed,
the decentralized feature of these markets makes centralized data collection very difficult.
The situation is changing with the rapid growth of ATS or ECNs. CanPX in Canada and
GovPX in the US, as centralized inter-dealer broker systems, collect much valuable data.

Given the rudimentary state of current work, a small-scale study would be of great interest

183



to the field. Empirical work and even stylized facts are needed to establish the difference
in microstructure features between equity and fixed income markets.

Policy issues call for more research on market transparency. Market microstructure
is naturally well placed for providing policy implications of market regulation. One of the
questions is regulation of trading disclosures. For example, Canadian regulators recently
proposed a regulation under which dealers in fixed income markets are required to disclose
on a real-time basis to the market all of their post-trade prices and volumes. This can be
a natural extension for the work reported in Chapter 4. One can introduce trading disclo-
sure after the first round of customer-dealer trades and then investigate the impact that this
rule has on bid-ask spreads, risk sharing and the choice of the inter-dealer market for trad-
ing. It is interesting to determine whether greater transparency shifts the distribution of
return from dealers to small customers, and whether incomplete transparency allows for

the optimal level of risk sharing among market participants.
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