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1. Introduction

Growing competition forces stock exchanges to react to customer needs. The
design of the trading mechanism is the most important determinant of market
performance. The central issues are the computerization of the trading process
and the choice between an order-driven and a quote-driven mechanism. This
paper focusses on the second issue. Its purpose is to compare the principal
alternatives, namely, the call auction, the continuous auction and the competi-
tive dealer market.

Recent changes that occured in major European stock markets indicate that
the issue of which trading mechanism is best suited is far from being resolved.
For example, the London Stock Exchange replaced its quote-driven trading
system with the electronic order-driven system SETS in 1997. On NASDAQ,
public limit orders now compete with dealer quotations. In France and Ger-
many, on the other hand, dealers were introduced to provide additional liquidity
to the electronic continuous auction markets NSC and XETRA, respectively.

Continuous trading for less liquid stocks in the French CAC system (the
predecessor of NSC) was replaced with two daily call auctions in 1992. On the
other hand, the stocks listed on the French Nouveau MarcheH were transferred
from a call market to the electronic continuous auction system in 1998. The
London Stock Exchange considered to have less liquid stocks traded on SETS
while, almost at the same time, Deutsche BoK rse AG announced that, for
a number of less liquid stocks, continuous trading in XETRA would be replaced
with call auctions. Call auctions are also frequently used to establish opening
prices whereas closing call auctions and intradaily call auctions are less common.

This evidence suggests that more empirical research into the relative advant-
ages of the principal trading mechanisms is needed. The existing empirical
literature has mainly focussed on comparing the liquidity of continuous auction
and dealer markets. The issue of informational e$ciency has rarely been ad-
dressed. This is, to a large part, due to data limitations.

These limitations can be overcome in experimental research. In this paper we
report the results of a series of 18 market experiments with a total of 216
participants. The experimental method allows to vary the trading mechanism
under ceteris-paribus conditions. Di!erent results can therefore be attributed to
the design of the trading system. The asset value and the information each
market participant holds is known to the experimenter. This allows to directly
address the issue of informational e$ciency. The experiments described in the
present paper are designed in a way that enhances the comparability of the
results to those obtained from "eld studies.

The "ndings can be summarized as follows. Consistent with the practice of
many exchanges to start trading with a call auction, opening prices in the call
market are closer to the true value of the asset than opening prices in the
continuous markets. The di!erence to the dealer market is signi"cant whereas
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the di!erence to the continuous auction market is not. Generally, transaction
prices in the call and continuous auction markets are closer to the asset value
than are transaction prices in the dealer market. The results for the latter are
largely attributable to high bid}ask spreads. Once the spread is eliminated from
the data by averaging prices or by using midquotes instead of prices, the
information provided by the time series of prices in the dealer market is very
precise. Analysis of the determinants of price changes reveals that prices in the
call market underreact to new information. No such pattern is found in the price
series from the continuous trading mechanisms.

Transaction costs as measured by the bid}ask spread are lowest in the call
market and highest in the dealer market. This result is consistent with evidence
obtained from real world stock markets. Both the trading volume and Roll's
(1984) serial covariance estimator are shown to be inadequate measures of
execution costs in the present context. Higher trading volume is associated with
higher rather than lower spreads. The Roll measure systematically overstates
the execution costs in the call market.

The quality of the private information traders receive in#uences the composi-
tion of individual portfolios and the trading volume. A relation between signal
quality and pro"ts is only found in the dealer market.

The paper is organized as follows. Section 2 provides a brief summary of the
literature, Section 3 describes the experimental design and procedures, Section 4
presents the experimental results and Section 5 concludes.

2. Previous research

In a call auction, market and limit orders are batched and are executed at
discrete points in time. The auctioneer (or a computer algorithm) sets a price
that clears the market, and all orders that are executable are "lled at that price.
Among the advantages of this trading mechanism are the high liquidity due to
the temporal consolidation of the order #ow, the non-existence of an explicit
bid}ask spread and the lower market impact of large orders. The simultaneous
execution of a large number of orders may lead to better price discovery.
However, this advantage is partially o!set by the fact that no information is
conveyed between the calls. The major drawbacks of the call market are the lack
of immediacy and the impossibility to simultaneously insure against price and
execution risk.

In a continuous auction market participants may submit buy and sell orders
or accept orders of other participants at any point in time. Liquidity is provided
by the voluntary exposure of limit orders to the market. Liquidity suppliers are
compensated by the bid}ask spread which, in turn, is the price of immediacy
that liquidity demanders have to pay. As no trader or group of traders is obliged
to submit limit orders, immediate execution of market orders is not guaranteed.
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Dealer markets rely on designated market makers as suppliers of liquidity.
They are obliged to continuously quote bid and ask prices and thus provide
a possibility for immediate order execution at predetermined prices. As in
a continuous auction the bid}ask spread is the compensation for the cost of this
service. Pure dealer markets rely on competition between multiple market
makers to keep the price for the immediacy service close to its cost.

Most existing theoretical research concentrates on modelling one trading
mechanism (see e.g. Mendelson, 1982; Ho et al., 1985; Satterthwaite and
Williams, 1993; Rustichini et al., 1994 for models of call auctions, Friedman,
1984, 1991; Wilson, 1987; Easley and Ledyard, 1993; Glosten, 1994 for continu-
ous auction markets and O'Hara, 1995 for a survey on models of dealer
markets).

These models use speci"c modelling approaches and sets of assumptions. This
makes it di$cult to compare the results. There have, however, been several
attempts at comparing di!erent trading mechanisms in a uni"ed framework.
Building on the model developed in Mendelson (1982), Mendelson (1987) "nds
that gross gains from trade are higher in a centralized call market than in
a competitive dealer market but that communication costs are also higher. Kyle
(1985) models the interaction of a single insider, random noise traders and
competitive market makers. He shows that noise trader losses under a continu-
ous trading regime are twice as large as in a single auction equilibrium. Pagano
and RoK ell (1992) show that trading costs are lowest in a call market and highest
in a dealer market. Pagano and RoK ell (1996) focus on the degree of transparency
as the main di!erence between trading mechanisms. They con"rm the "nding
that uninformed traders' transaction costs are higher in the dealer market.
Madhavan (1992) derives noisy rational expectations equilibria for a call mar-
ket, a continuous auction and a dealer market. He shows that the call market is
more robust in the presence of severe information asymmetries.

Most empirical comparisons of di!erent trading mechanisms focus on market
liquidity. In continuous auction and dealer markets explicit bid}ask spreads
exist and can be used as a measure of liquidity. Spreads have generally been
found to be lower in continuous auction markets (e.g. Bessembinder and
Kau!man, 1996; Christie and Huang, 1994; de Jong et al., 1995; Huang and
Stoll, 1996; Keim and Madhavan, 1996; Lee, 1993; Pagano and RoK ell, 1990;
Stoll, 1993). Barclay et al. (1999) and Bessembinder (1999) document that
spreads on NASDAQ fell after competition by limit orders has been introduced
in 1997. The trade execution costs remain larger, however, than those on the
NYSE (Bessembinder, 1999).

In a call market no explicit bid}ask spread exists. Some authors have there-
fore used the serial covariance measure developed by Roll (1984) to calculate
implied spreads for call markets and to compare transaction costs in call and
continuous markets (Haller and Stoll, 1989; Pagano and RoK ell, 1990; Stoll and
Whaley, 1990). However, as will be shown in Section 4.2, the Roll measure is
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likely to overstate the execution costs in the call market. Amihud et al. (1997)
"nd that the introduction of continuous trading on the Tel Aviv Stock Exchange
was associated with a positive abnormal return which they attribute to the
higher liquidity of the continuous trading system. They also "nd evidence of an
increase in market e$ciency.

Summarizing the empirical results, it can be concluded that there is sound
evidence of higher execution costs in dealer markets as compared to continuous
auction markets. No clear picture emerges as to how the call market compares
to these continuous trading mechanisms. Furthermore, little can be said about
the informational e$ciency of the di!erent trading mechanisms. This is in large
part due to the fact that no direct measure of informational e$ciency is available
because the true value of an asset is unobservable.

This problem can be overcome in experimental asset markets because the
asset value and the information each market participant holds is known to the
experimenter. Identical assets can be traded in di!erent environments. There is
thus no need to control for di!erent asset characteristics by, e.g., constructing
a matched sample. In addition, there is no potential for a selection bias. In the
"eld such a bias may exist because it is possible that certain assets are traded
under a particular market regime precisely because this regime is best suited for
the asset. Finally, no brokerage fees and no di!erences in the quality of the
service provided (e.g., clearing and settlement) exist. This eliminates another
potential source of bias present in "eld studies. Therefore, experimental asset
markets are well suited for comparisons of di!erent trading mechanisms.

Experiments relating to "nancial markets usually incorporate information
asymmetries. A conveniant way to achieve this is to de"ne a small number of
states of nature that de"ne the assets' payo!s to traders (Plott and Sunder, 1982).
Traders then are given di!erent access to information about the actual state.
There are two principal ways to introduce asymmetric information. The "rst is
to provide some traders with superior information as is done in most informa-
tion-based microstructure models (e.g. Glosten and Milgrom, 1985; Kyle, 1985;
Admati and P#eiderer, 1988). The alternative is to provide all traders with
signals of identical ex-ante quality. This is termed heterogeneous information in
the sequel. This way of modelling asymmetric information is used in the rational
expectations literature (e.g. Diamond and Verrecchia, 1981; Hellwig, 1980) and
in some microstructure models (e.g. Kyle, 1989).

Using a design that incorporates asymmetric information, Friedman (1993a)
"nds that the continuous auction yields higher allocational e$ciency but lower
market depth than the call market. Informational e$ciency is similar for the two
trading mechanisms. Friedman (1993b) compares the continuous auction with
the dealer market. He concludes that the latter is less e$cient and less deep. The
market maker position turns out to be pro"table.

In the experiments just cited traders hold private valuations for the asset. This
is achieved by dividing the traders into two (or more) groups which receive
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1The use of a common value design is not without a cost. A private value design induces a rational
trading motive because assets held by traders with low valuations should be sold to traders with high
valuations. In a common value design (like the one used for the experiments described in this paper)
this trading motive is absent. Di!erent degrees of risk aversion, however, still constitute a rational
trading motive.

2Although capturing basic features of call and dealer markets, the trading mechanisms modeled
by Kyle (1985) and implemented in the experiments of Schnitzlein (1996) are not identical to those
encountered in real-world markets. Only market orders are allowed and prices in the auction market
are set by market makers rather than determined by the interaction of the investors.

3Some recent papers (e.g. Bloom"eld, 1996; Bloom"eld and O'Hara, 1999, 2000; Flood et al.,
1997, 1998, 1999; Lamoureux and Schnitzlein, 1996) report results of experiments that were designed
to address speci"c microstructure issues like market transparency, market maker behavior, and
o!-exchange trading. In these papers, no attempt is made at comparing call and continuous markets.

di!erent payo!s for the assets they hold in the same state of nature. This allows
the analysis of the allocational e$ciency of the market because the group with
the highest valuation in the given state of nature should eventually hold all
assets. Although di!erent valuations may be justi"ed by di!erent tax brackets or
di!erent background risk, a common valuation by all traders seems to be more
appropriate for market microstructure experiments.1 The "rst to use a common
value design were Smith et al. (1988). In their continuous auction markets with
symmetric information they "nd evidence of signi"cant and persistent mispric-
ing. Van Boening et al. (1993) get similar results from a series of experimental
call markets.

Schnitzlein (1996) provides an experimental implementation of the Kyle
(1985) model.2

Comparing call and continuous auction trading in the presence of a single
informed insider, he "nds that the call market provides higher liquidity and
lower costs to uninformed noise traders at the expense of slightly less e$cient
prices.

Krahnen and Weber (1999, 2000) compare the continuous auction with the
dealer market. They "nd that information aggregation in the dealer market is at
least as good as in the continuous auction. They also vary the number of market
makers and "nd that a larger number of market makers is associated with lower
spreads and higher trading volume.3

To summarize, the experimental evidence so far suggests that call markets are
not inferior to continuous markets. However, a detailed experimental compari-
son of call, continuous auction and dealer markets has, with the exception of
Friedman (1993a, b), not yet been attempted. In addition, a heterogeneous
information design as de"ned above has not yet been used for comparisons of
di!erent trading mechanisms. The present paper "lls this gap by reporting
results of 18 market experiments, six for each trading mechanism. The design
incorporates heterogeneous information and thus focusses on the aggregation of
diverse information rather than on insider trading.
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4An alternative approach is to have several groups (cohorts) of subjects trade in all environments
and to systematically vary the order in which the cohorts are confronted with the treatments. Given
a duration of approximately 3 hours for an experiment and given that we held the asset value
constant across treatments (which would not have been feasible had the same subjects participated),
we decided against this alternative.

5An exception is the "rst call market experiment where the periods lasted 6 min.

6One feature of this design is that the amount of information about the asset value is constant
across trading institutions. If the trading institution itself a!ects the incentives to acquire informa-
tion, this condition may cease to hold once the decision to acquire information is endogenized.

3. Experimental design and procedures

We conducted a total of 18 experiments. In each experiment 12 subjects
traded one risky asset. Each subject participated in only one experiment.4 An
experiment consists of a sequence of 15 trading periods. The "rst three periods
were used to train the subjects and are excluded from the analysis. Each trading
period lasts 5 min.5 The asset value is identical for all subjects (i.e., we use
a common value design) and changes from period to period. Prior to the start of
a period each subject privately receives a noisy signal about the asset value. This
and the distribution the signals are drawn from are common knowledge.

The 18 experiments can be divided into six series of three experiments. In each
series the realizations of the asset value process and the private signals are held
constant while the trading mechanism is varied. This procedure assures a max-
imum of comparability between the experiments conducted with the di!erent
trading mechanisms.6

Each trader received an initial endowment of 100 shares and 50.000 currency
units in cash. In addition, there was a credit limit (at a zero interest rate) of
50.000 and short sales up to 100 assets were allowed. The endowments were
reinitialized at the beginning of each trading period. This has three advantages.
First, traders who sold all their assets or spent all their cash in one period are not
restricted to acting only on one side of the market in the subsequent period.
Second, the equality of the endowments at the beginning of each period further
enhances the comparability between the experiments. Third, reinitialization
induces a trading motive because subjects have to balance their portfolio
according to their risk preferences in each period.

3.1. Information structure

Denote the asset value in period t by v
t
. The value for the "rst period was set

by the experimenter. In subsequent periods the value was determined randomly
by a draw from an uniform distribution of the integer values in the intervall
[0.8v

t~1
; 1.2v

t~1
]. The value change between two periods is thus limited to

$20%. Each trader receives a private noisy signal about the asset value prior
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7Replacing v
t
with the average signal assumes that the arithmetic mean of the signals is a su$cient

summary statistic for the individual signals. This is not true since the cross-sectional distribution of
the realizations of the signals provides additional information. This is, however, ignored in the
analysis. Repeating the analysis with the true values instead of the average of the signals does not
yield di!erent conclusions. The procedure used to generate the signals for experiments 4}6 consisted
in reinitialising the random number generator used for the determination of the signals until the
average signal, rounded to the nearest integer, was equal to the value. This procedure does not
interfere with the random character of the signals from the point of view of the participants.

to the start of each period. The signals are independent draws from an uniform
distribution of all integer values in the intervall [0.9v

t
; 1.1v

t
]. The signal trader i

receives in period t is denoted by s
i,t

. Given the signal a trader can calculate an
upper and a lower bound for the asset value:

s
i,t

/1.1)v
t
)s

i,t
/0.9. (1)

Due to the stochastic nature of the signals, the average signal s6
t
"(1/12)+

i
s
i,t

may
deviate from the value v

t
. In the analysis of the series 1}3 the value v

t
was replaced

by s6
t
. In series 4}6 the signals were determined in a way that guarantees s6

t
"v

t
.7

The determination of the individual signals assures that all traders receive
information of identical ex-ante quality whereas the realizations in a speci"c
trading period are of di!erent quality. The design thus abstracts from the
existence of market participants with systematically superior information. This
allows to concentrate on the performance of the di!erent trading mechanisms
and their ability to aggregate diverse information.

The asset value was not revealed to the participants after completion of
a trading period for the following reasons. First, true values are also unobserv-
able in real world markets. Second, revealing the value precludes the analysis of
the persistence of pricing errors.

3.2. The trading mechanisms

All experiments were conducted as computerized market experiments. The
software used allows to implement the di!erent trading mechanisms that are of
interest for the present study. In what follows the details of the trading mecha-
nisms are described.

3.2.1. Call market
Each trading period in the call market experiments was divided into two

subperiods of equal length. There was one call in each subperiod. The resulting
prices are referred to as the opening and the closing price, respectively.

Traders were allowed to submit buy and/or sell orders. The only restriction
was the budget constraint described above. Only limit orders were allowed.
A market buy or sell order could, however, be mimicked by setting the price
limit su$ciently high or low, respectively. The minimum tick size was set to one,
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i.e., the price could only take on integer values. This minimum tick size is
comparable to those in real-world markets. Even for the lowest prices observed
in the experiments* well above 300* a minimum tick size of one is equivalent
in percentage terms to a tick size of 1/8 for a stock trading at 40.

The computer aggregates the orders and determines a market clearing price
such that the share trading volume is maximized. If this results in an interval of
possible prices the midpoint of the interval is chosen. If the price does not
completely clear the market, rationing takes place. In this case the following
priority rules are used: Buy orders with higher price limits and sell orders with
lower price limits are "lled with priority. If limit prices are equal then the order
which speci"es the higher quantity gets priority. If quantities are equal, orders
are selected randomly for rationing.

The order book is closed and no indicative prices are provided. Therefore,
traders' information sets are restricted to their private signals and the history of
transaction prices and trading volumes. This is the situation encountered by
retail investors without direct access to the trading #oor.

3.2.2. Continuous auction
In the continuous auction markets only the best bid and the best ask are

displayed. New orders are only accepted when they raise the bid or lower the
ask. The standing bid and ask can be accepted at any point in time. Order
execution follows price and time priority.

To submit or accept an order, subjects have to click a `buya or `sella button,
respectively. Price and quantity of the standing ask or bid are displayed automati-
cally. If the subject wants to accept the order she just has to con"rm. Otherwise
she can accept the price but lower the quantity or change the price. In the latter
case she submits an own order that replaces the standing best bid or ask.

The subjects' information sets consist of their private signals and the history
of best bids, best asks, and transaction prices and volumes. Trading is anony-
mous, i.e. the identity of the trader who submitted an order is never revealed.

3.2.3. Dealer market
The dealer market is a variation of the continuous auction market. The

number of market makers is set to three in order to assure su$cient competition.
Only the market makers are allowed to submit limit orders. The other traders
can only accept the prices set by the market makers. The market maker position
was assigned to three randomly chosen subjects.

The short sale and credit restrictions for the market makers are relaxed. Each of
them had a credit limit of 250.000 and could short sell 500 assets. This assures that
the market makers can accomodate the trading demand of the nine other traders.

The three market makers receive information of the same quality as the other
traders. This design feature stands in contrast to most information-based mod-
els of market maker behavior. However, these models usually assume the
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8The instructions are available upon request.

9Situations may exist in which experimental subjects engage in very risky actions because the
experimenter cannot credibly collect the losses they might incur. The "gures indicate that the
probability of incurring losses was low enough to largely eliminate this incentive.

10 In the continuous auction and dealer markets some transactions occurred at `unrealistica prices.
The most likely reason are typing errors. On the one hand, one would like to eliminate these transactions.
On the other hand, however, it is di$cult to judge which transactions are due to typing errors and which
are not. For the following analysis all transactions at prices that ful"lled one of the following conditions
were excluded: p'Max

i
(s
i,t
/0, 9) or p(Min

i
(s
i,t

/1, 1). These prices are above the upper bound or below
the lower bound for the asset value for all traders. Therefore, all traders would agree that this
transaction price cannot be rationally justi"ed. Only if a trader expects to be able to close the position
at a more favorable price later in the period, transactions at very low or high prices may be
rationalized. However, in this case one would expect the transaction to be part of a sequence of
transactions at rising or declining prices. This has not been the case. Furthermore, since endowments
were reinitialized after each period, expectations of higher or lower asset values in subsequent periods
can also not be used to justify the transactions in question. According to the above criterion, 52
transactions were eliminated. This corresponds to an average of 0.36 transactions per trading period.

existence of informed insiders whereas the present paper focuses on the aggrega-
tion of di!erent signals of identical ex-ante quality.

3.3. Experimental procedures

The experiments were conducted at the University of Frankfurt between
February and May 1996. Participants were students of economics and business
administration. An experiment lasted approximately three hours. Subjects re-
ceived a set of written instructions.8 After having read these, each participant
had to answer a short test that contained a couple of questions relating to the
instructions. The experiment did not start until each subject had correctly
answered these questions.

Participants were rewarded for their participation in the experiment. One of
the periods 4}15 was chosen randomly. The value of the end-of-period portfolio
was transformed into Deutsche Mark and paid out. The average payo! for
a 3 hour experiment was DM 48.03, individual payo!s ranged from DM 29.42 to
DM 84.58.9

After the last period participants had to answer a questionnaire containing
questions related to the instructions, to the experimental design and to the
strategies the subjects employed and thought to be optimal.

4. Experimental results

This section presents the results of the experiments. Only the periods 4}15 are
analyzed because the "rst three periods were training periods that were not
rewarded.10 Results are presented in three parts. The "rst section deals with the
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11Note that calculating the deviation between the asset value and the weighted average of the
prices of a period is not the same as the average of the deviation between the prices and the asset
value. Most importantly, the latter measure incorporates the bid}ask spread whereas the former
largely eliminates the spread by averaging over all prices.

informational e$ciency of the prices, the second presents results on market
liquidity and in the third we analyze how the quality of the private signals
in#uences the traders' portfolio structures and trading pro"ts.

4.1. Informational ezciency

In experimental asset markets measures of informational e$ciency can be
based on a comparison of asset values and market prices because the true asset
value is known. We use three related measures of e$ciency. The "rst is the mean
absolute deviation between transaction price and asset value,

MAE"

1

12

15
+
t/4

Dp
t,j
!v

t
D; j3o, a, c (2)

The index j characterizes the price. All measures are calculated for the opening
price (o), the closing price (c) and the volume-weighted average of all prices of the
period (a).11 In the call market the latter is a weighted average of the opening
and closing price since there are only two prices in a period. The second measure
is the mean relative error,

MRE"

1

12

15
+
t/4

Dp
j,t
!v

t
D

v
t

; j3o, a, c. (3)

Here, the absolute deviation between price and value is divided by the asset
value before it is averaged over the periods. This measure makes experiments
with di!erent asset value levels comparable. The last measure is the root mean
squared error,

RMSE"S
1

12

15
+
t/4

(p
j,t
!v

t
)2. (4)

The RMSE measure gives more weight to larger deviations. Table 1 shows the
results. The rankings of the trading mechanisms produced by the three measures
are very similar. The only deviations occur in sessions two, three and "ve.

4.1.1. Descriptive Statistics
The "gures in Table 1 were obtained by averaging over the 12 periods of each

experiment. Before proceeding it is therefore worthwhile to ask whether this
aggregation masks systematic patterns which may be caused by learning e!ects.
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We performed two tests to answer this question. First, we compared the MRE
measure of informational e$ciency (separately for the opening, the closing,
and the weighted average prices) for the "rst half and the second half of
the experiments using non-parametric Wilcoxon tests. We found no evi-
dence of signi"cantly higher e$ciency in the second half of the experi-
ment. Second, we used a Page test to test the null hypothesis that the pricing
errors for di!erent periods are drawn from the same distribution against the
alternative of monotonically decreasing pricing errors (with at least one
strict inequality). The null hypothesis was rejected in only one of the nine
cases (closing prices in the call market). From these results we conclude that
there are no signi"cant learning e!ects beyond the three initial training periods
and that it is therefore safe to pool the data from di!erent periods in the
following analysis.

The "rst question to ask is whether information aggregation takes place at all.
With no aggregation, prices can be expected to have the same precision as the
private signals. Table 1 shows the average precision of the signals for each of the
measures discussed above. It is apparent that aggregation takes place in the call
markets and (with the exception of opening and closing prices in series 4) in the
continuous auction markets. In the dealer markets the volume-weighted average
prices clearly aggregate information whereas the opening and closing prices do
not. These results are con"rmed by a non-parametric Wilcoxon test. All price
series with the exception of opening and closing prices in the dealer market have
a median MRE which is smaller than the median MRE of the signals on at least
the 10% level of signi"cance. The results for the dealer market will be discussed
in more detail in the sequel.

The "gures in Table 1 document that opening prices in the call market are
more precise than those in the dealer market in all six sessions and more precise
than those in the continuous auction in four (MAE and MRE measure) or "ve
(RMSE) sessions. The greater accuracy of the call market prices is likely to be
a consequence of the temporal consolidation of the order #ow.

Comparing the measures for the opening and the closing prices reveals that
there is no evidence of increasing price e$ciency in the course of the trading
period in both the call market and the continuous auction. In the dealer market,
on the other hand, e$ciency increases. Despite this increase, however, closing
prices in the dealer markets are the least accurate whereas closing prices are
most accurate in the continuous auction.

One striking observation concerning the dealer market is the large discrep-
ancy between the pricing errors for the opening and closing prices on the one
hand and the volume-weighted average price on the other hand. Irrespective of
the measure used, the average price is more e$cient than either the opening or
the closing price. However, this "nding can easily be explained. As will be shown
later, bid}ask spreads in the dealer markets are large. If a single transaction is
used for the calculation of the pricing error then the measured error on average
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Table 1
Informational e$ciency: descriptive analysis

Table 1 contains measures of price quality in the experimental markets. MAE is the mean absolute
pricing error. MRE is the mean of the absolute pricing errors, divided by the asset value. RMSE is
the root mean squared error. The rows denoted `signalsa give the average quality of the private
signals. CM is the call market, DA the continuous (double) auction and MM the dealer (market
maker) market. Open and close refers to the "rst, and last, transaction of each period, respectively.
Av. is the average of all transaction prices in a period, weighted by the trading volume. A shaded cell
marks the lowest deviation between price and value within each series and for each of the price
series.

Experiment MAE MRE in % RMSE

Series Institution Open Av. Close Open Av. Close Open Av. Close

1 Signals 21.73 4.78 25.44
1 CM 12.84 13.13 15.80 2.95 2.92 3.43 16.33 16.53 19.98
1 DA 15.33 14.29 17.04 3.27 2.94 3.67 17.40 18.43 22.09
1 MM 29.01 8.80 22.45 6.20 1.79 4.83 34.50 11.67 26.88

2 Signals 23.05 4.93 26.60
2 CM 10.58 10.17 13.76 2.24 2.11 2.74 13.28 12.44 16.83
2 DA 6.99 12.30 10.13 1.51 2.63 2.08 10.09 14.82 14.19
2 MM 29.09 11.05 15.61 6.18 2.33 3.26 34.32 11.93 20.82

3 Signals 21.16 4.89 23.99
3 CM 16.67 15.25 13.5 3.88 3.56 3.14 18.04 16.57 15.00
3 DA 15.57 9.39 11.31 3.58 2.18 2.62 18.77 12.27 13.94
3 MM 17.72 9.51 16.31 4.07 2.17 3.66 22.35 11.29 20.14

4 Signals 22.86 5.01 26.15
4 CM 17.08 16.92 19.67 3.63 3.58 4.14 21.35 21.87 25.54
4 DA 23.42 15.33 24.42 5.07 3.33 5.31 30.03 19.38 30.58
4 MM 21.83 9.25 16.08 4.87 2.00 3.50 25.60 11.74 21.40

5 Signals 18.90 4.67 21.96
5 CM 9.08 9.08 9.5 2.28 2.29 2.41 11.66 11.43 11.64
5 DA 12.83 6.17 5.92 3.44 1.48 1.41 18.61 8.54 8.43
5 MM 25.92 8.25 13.17 6.27 2.06 3.24 30.87 11.70 16.17

6 Signals 25.14 5.03 28.68
6 CM 12.50 12.42 12.67 2.57 2.55 2.59 15.59 15.51 15.65
6 DA 13.58 7.67 10.92 2.66 1.55 2.29 17.12 9.57 13.18
6 MM 45.5 11.25 27.75 9.25 2.29 5.75 52.39 14.84 32.14

av. Signals 4.89
av. CM 2.93 2.84 3.08
av. DA 3.26 2.35 2.90
av. MM 6.14 2.11 4.04
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12 It is common practice to analyze experimental data on a period-by-period basis. This assumes
that the di!erent trading periods of an experiment are independent observations. Since this is not
necessarily true, the test statistics should be interpreted with care (see Friedman, 1993a, p. 428,
footnote 17). In the light of this problem we also performed non-parametric tests where we treated
each experiment (rather than each period) as one observation. This leaves us with six observations
for each trading mechanism. A Kruskal-Wallis ANOVA rejects the null hypothesis of equal pricing
errors for the opening prices, but not for the average and closing prices (p-values are 0.13 in both
cases). In pairwise comparisons we found, using Wilcoxon tests, that the pricing errors calculated
from opening prices are higher in the dealer market than in both the continuous auction and the call
market. No signi"cant di!erence was found between the two auction mechanisms. Pairwise com-
parisons for average and closing prices are not feasible because the Kruskal-Wallis ANOVA did not
reject the null of equal medians. Finally, comparing the pricing errors in opening and closing prices
within trading institutions, we found that the quality of prices improves only in the dealer market.
These test results are consistent with those reported in Table 3 and are clearly based on independent
observations.

contains the half spread. Calculation of the average price largely eliminates the
spread and thus leads to lower pricing errors.

In both theoretical and empirical microstructure research it is often assumed
that the midpoint of the bid and the ask quote is the best available estimate of
the true asset value. We therefore calculated the measures of price e$ciency on
the basis of midquotes for both the continuous auction and the dealer market.
Results are shown in Table 2. With one exception (DA3) the deviations between
the midquotes and the asset value are larger than those (shown in Table 1)
between average prices and value. This suggests that the spread is not set
symmetrical around the fundamental value and that transactions are more
likely to occur on the side that is closer to the asset value. This is an important
observation because it implies that the e!ective bid}ask spread will overstate the
transaction costs actually incurred by the traders.

4.1.2. Tests of ezciency
The analysis so far has been largely descriptive. Formal tests can be per-

formed by comparing the pricing errors on a period-by-period basis. For this
purpose the data from the six series were pooled, resulting in 72 observations for
each of the three trading mechanisms and each of the three price series.12 We
"rst used an ANOVA to test whether there are signi"cant di!erences in the
mean MRE measures. The MRE measure was used because it expresses the
pricing error as a percentage of the asset value and is therefore best suited for the
pooled data set. The null hypothesis of equal means is rejected at the 5% level
for the opening and the closing prices (p-values(0.001 and 0.027, respectively)
and at the 10% level for the average prices (p-value 0.070).

Next, a pairwise comparison of the e$ciency measures was conducted. Both
a t-test for paired samples and a non-parametric Wilcoxon matched-pairs
signed-rank test were used. Since the results of the latter are similar, only the
results of the t-test will be discussed. Panel A of Table 3 shows the results.
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Table 2
Informational e$ciency measured on the basis of midquotes

Table 2 contains the MRE measures of price quality calculated from the midquotes in the
continuous auction and dealer markets. The calculation is based on all midquotes in e!ect
immediately prior to a transaction.

Series Continuous auction (%) Dealer market (%)

1 4.13 3.56
2 3.23 3.92
3 1.51 2.51
4 4.27 2.97
5 2.80 3.15
6 3.21 4.70

Average 3.19 3.47

13The fact that the di!erence between the opening pricing errors in the call and continuous
auction is insigni"cant is surprising. Given the temporal consolidation of the order #ow in the call
auction, one should expect signi"cantly lower pricing errors in the call markets. It has, however,
been documented that e$cient price discovery in continuous markets may occur in the absence of
trading (e.g. Cao et al., 2000; Greene and Watts, 1996).

There is no signi"cant di!erence between the precision of the prices in the call
and continuous auction markets.13 The opening and the closing prices in the
dealer markets are signi"cantly less precise than those in the call markets and
the continuous auction markets. If, as was discussed above, average prices are
considered, the dealer market turns out to be signi"cantly more e$cient than
the call market whereas the di!erence to the continuous auction is insigni"cant.

We also tested whether the quality of prices improves in the course of the
trading period. Both a t-test and a Wilcoxon matched-pairs signed-rank test
were used to compare the precision of opening and closing prices within trading
mechanisms. The results of the t-test are presented in Panel B of Table 3. Only
the dealer market shows a signi"cant reduction of the pricing errors in the
course of the trading periods. In the call market and the continuous auction, on
the other hand, the precision of opening and closing prices is not signi"cantly
di!erent from each other. This result can be interpreted in either of two ways.
First, it is consistent with e$cient price discovery very early in the trading
period. It is, however, also consistent with persistent mispricing.

There is no clear answer to the question of which interpretation is correct. The
answer depends on what one considers to be `e$cient price discoverya. In an
attempt to discriminate between the two explanations we formed two groups of
observations for each experiment. The "rst contains the six trading periods with
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Table 3
Informational e$ciency: test results

Table 3 contains the results of t-tests for paired samples. The measure for the pricing error used for
the comparisons is the MRE measure. The entry in each cell is the di!erence between the MRE of the
row and the column price series where each price series consists of 72 observations (12 periods *6
experiments). A negative entry means that the price series de"ned in the row has a smaller pricing
error than the one de"ned in the column. The di!erences are measured as a percentage of the asset
value. t-values are given in parentheses. An * indicates signi"cance at the 5%-level (2-tailed test).

Panel A: Comparison of the opening, average, and closing prices across trading mechanisms

Continuous auction Dealer market

Open Av. Close Open Av. Close

Call market open !0.330 !3.219H
(!0.77) (!5.54)

Call market av. 0.482 0.727H
(1.38) (2.22)

Call market close 0.179 !0.962H
(0.44) (!2.13)

Continuous auction open !2.889H
(!4.81)

Continuous auction av. 0.245
(0.91)

Continuous auction close !1.141
(!2.22)

Panel B: Comparison of the opening and closing prices within the trading mechanisms

Call market Continuous auction Dealer market

Open}Close !0.152 0.3565 2.105H
(!0.78) (0.90) (3.65)

the smallest pricing errors at the opening, the second contains the remaining six
observations with the largest pricing errors at the opening. We then looked at
the di!erence between the opening and closing pricing errors separately for both
groups. We found that, when the pricing error at the opening was large, there
was clear evidence of improvement for the continuous auction and the dealer
market. The improvement was somewhat less pronounced for the call market;
here, e$ciency improved in four cases but worsened in two cases.

In the light of these "ndings, we interpret our results as follows. Price
discovery is not perfectly accurate. Rather, there appears to be a certain level of
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14We also estimated the six equations for each of the trading mechanisms jointly and tested the
null hypothesis of equal slope coe$cients across equations. This hypothesis was rejected for the call
market and the dealer market. We therefore estimated the equations for each experiment separately
rather than pooling the data for each trading mechanism.

Note also that our speci"cation assumes that the correction of the lagged pricing error as
measured by the coe$cient c is the same at the opening (where the lagged pricing error is taken from
the previous trading period) and at the close (where the lagged pricing error is from the opening
transaction of the same period). We therefore also estimated the model allowing for di!erent
coe$cients but could not reject the null hypothesis of equal coe$cients.

mispricing which is not further reduced when trading continues. In the call
market } where the pricing error at the opening is smallest - this level is often
reached in the "rst transaction. There is thus not much room for improvement.
In the continuous auction, further improvement is achieved when the pricing
error at the opening is large. On the other hand, when pricing errors at the
opening are small, no further improvement is achieved.

4.1.3. The adjustment of prices to new information
An important issue relating to informational e$ciency is the question of how

prices adjust to new information. Particularly, the issue of over- or underreac-
tion of prices to new information has received much attention in the recent
literature (e.g. Barberis et al., 1998; Daniel et al., 1998; Odean, 1998). Experi-
mental research is especially suited to address this issue because the #ow of
information is controlled by the experimenter. It is therefore possible to directly
analyze the pattern of successive price changes and to relate them to value
changes. It can thus be tested whether there is evidence of over- or underreaction
to new information. In the present case it is of particular interest whether any
such pattern is caused by the trading mechanism. To analyze this we regressed
the price changes on the value changes and the previous pricing error:

(p
t
!p

t~1
)"a#b(v

t
!v

t~1
)#c(p

t~1
!v

t~1
)#e

t
. (5)

To assure the comparability of the experiments only opening and closing prices
were used; other transactions in the continuous auction and dealer markets are
thus excluded from the analysis. The regression was estimated for each experi-
ment separately.14

In an e$cient market, b should not be di!erent from one. A value below one is
evidence of an underadjustment to new information whereas a b larger than one
can be interpreted as evidence of overreaction. The value of c is expected to be
negative because past pricing errors should be corrected. The regression results
are presented in Table 4. The adjusted R2 shows that the independent variables
explain a large part of the variation in price changes. The call market produces
the best "t (average R2 0.87), followed by the continuous auction (0.82) and the
dealer market (0.75). This comes as no surprise because prices (and, therefore,
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Table 4
Determinants of price changes: regression results

Table 4 presents results of the regression (p
t
!p

t~1
)"a#b(v

t
!v

t~1
)#c(p

t~1
!v

t~1
)#e

t
. An H

indicates that the coe$cient is signi"cantly di!erent from zero at the 5% level. A shaded cell in the
b-column indicates that the coe$cient is signi"cantly di!erent from one at the 5% level. CM is the
call market, DA the continuous (double) auction and MM the dealer (market maker) market.

Experiment a b c R2

CM 1 2.273 0.714H !0.389H 0.759
CM 2 !2.808 0.843H !0.815H 0.846
CM 3 1.568 0.573H !0.363H 0.917
CM 4 !4.065 0.686H !0.184 0.817
CM 5 4.590H 0.848H !0.438H 0.950
CM 6 !0.456 0.761H !0.350H 0.955

Average 0.184 0.738 !0.423 0.874

DA 1 !8.398 0.996H !0.696H 0.840
DA 2 !3.788 0.944H !0.863H 0.920
DA 3 !7.232H 0.872H !0.751H 0.849
DA 4 !10.122 0.805H !0.789H 0.646
DA 5 !0.958 1.029H !0.773H 0.785
DA 6 !2.396 0.947H !0.818H 0.876

Average !5.482 0.932 !0.782 0.819

MM 1 !8.002 1.272H !0.855H 0.643
MM 2 3.517 1.108H !0.639H 0.814
MM 3 !2.591 1.143H !1.150H 0.798
MM 4 !7.571H 0.551H !0.813H 0.763
MM 5 !9.065 0.696H !1.012H 0.700
MM 6 6.471 0.457H !1.455H 0.803

Average !2.874 0.871 !0.987 0.754

15Underreaction may also be caused by behavioral biases such as overcon"dence (see, e.g.,
Odean, 1998). In this case one should expect overcon"dent traders with inaccurate signals to incur
losses. As will be shown later, however, we do not "nd a relation between signal accuracy and
trading pro"ts in the call markets. In the present context we therefore favor a microstructure
explanation of the underreaction.

price changes) are a!ected by the spread in the continuous markets, and spreads
are larger in the dealer market.

The most striking results are those for the call market. In all six series this
trading mechanism exhibits signi"cant underadjustment to new information.
This result is in accordance with the model of Kyle (1985) which predicts an
estimated coe$cient of 0.5 for the single auction equilibrium.15 It is also
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16We re-estimated the model including the lagged value change as an additional explanatory
variable. The estimated coe$cient was positive for all six call market experiments, two of the
estimated coe$cients were signi"cant at the 5% level. For the continuous auction and dealer
markets, we obtained coe$cient estimates of varying signs. None of the coe$cients was signi"cantly
di!erent from zero. These additional results strengthen the conclusion of underreaction in the call
market.

consistent with the lagged adjustment of call market prices to market informa-
tion documented by Amihud et al. (1997). The absolute values of c are smallest
for the call market. This indicates that pricing errors are not corrected immedi-
ately but show a tendency to persist. Results for the two continuous trading
mechanisms give more support to the hypothesis of e$cient information pro-
cessing. The continuous auction appears to incorporate new information very
precisely. b estimates for the dealer markets show more variability (and have
higher standard errors) although the hypothesis of a b equal to one can only be
rejected in two cases.

The regression results show that the call market, although depicting pricing
errors that are not larger than those of the other trading institutions, leads to
ine$ciencies because of the underreaction of prices to new information.16

4.2. Liquidity

A market is considered to be liquid when assets can be bought or sold rapidly
and at a price close to the equilibrium value. This de"nition incorporates two
dimensions, time and cost. The trading mechanisms di!er with respect to the
time dimension because in the call market access to the market is limited to
discrete points in time. This makes it di$cult to incorporate both the time and
the cost dimension of liquidity into a single numeric measure. The following
analysis is, therefore, restricted to the cost dimension.

The empirical evidence from "eld markets suggests that execution costs are
higher in the dealer market than in the continuous auction market. The tem-
poral consolidation of the order #ow in the call market may lead to a reduction
of the execution costs below the level of the continuous auction. Several liquidity
measures have been proposed in the literature. In the sequel the trading volume,
the bid}ask spread and Roll's (1984) serial covariance estimator will be ana-
lyzed.

4.2.1. Trading volume
Trading volume is often considered to be a good proxy for liquidity. This can

be justi"ed with the high correlation usually observed between the trading
volume for di!erent stocks and their bid}ask spreads or other measures of
liquidity. Therefore, Table 5 reports the trading volume in the 18 experimental
markets. It is apparent from the "gures that trading volume is lowest in the call
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Table 5
Trading volume and net change in asset holdings

Table 5 shows the gross trading volume and the net change in asset holdings, both averaged over the
periods 4}15. In the call market volume is the total volume from both calls within the period and the
net change in asset holdings is calculated from the portfolios after the second call.

Series (Gross) trading volume Net change in asset holdings

Call
market

Continuous
auction

Dealer
market

Call
market

Continuous
auction

Dealer
market

1 913.3 1339.7 1135.9 595.7 591.1 685.8
2 587.3 637.5 1365.8 511.0 432.3 612.3
3 884 833.9 1835.2 555.0 440.0 747.4
4 304.3 1142.3 2211.3 174.3 626.4 1202.8
5 693.4 1215.8 1490.7 595.3 626.4 809.6
6 613.3 909.2 1367.9 483.9 444.8 433.2

Average 665.9 1013.1 1567.8 485.9 526.8 748.5

market and highest in the dealer market. A t-test and a non-parametric Mann-
Whitney u-test (results are not shown), both for the pooled sample, reveal that
these di!erences are highly signi"cant.

This result is, however, not surprising. The call market with two calls per
period o!ers very limited possibilities to buy and sell assets within the same
period. On the other hand, volume in the dealer market is likely to be systemati-
cally overstated due to the double-counting of transactions. A way to correct
both e!ects is to replace the (gross) trading volume with the net change in asset
holdings also shown in Table 5. This measure is calculated by summing the
absolute deviation between end-of-period and initial asset holdings over the
participants and then dividing by 2. The net change in asset holdings does not
contain that part of the trading volume that is caused by buying and reselling
shares (or vice versa) within a single period. As a consequence, double-counting
in the dealer market is also eliminated.

The results show that there is no systematic di!erence between the call market
and the continuous auction market whereas the net change in asset holdings
tends to be higher in the dealer market. This does, however, not in itself
constitute an advantage because higher trading volume is not necessarily asso-
ciated with lower execution costs.

4.2.2. Bid}ask spread
The most widespread measure of execution costs is the bid}ask spread.

Measurement of the spread is straightforward in the continuous auction and the
dealer market. We calculate the e!ective spread which measures the di!erence
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17Transactions at prices inside the quotes were not possible. Therefore, the e!ective spread is
identical to the quoted spread immediately prior to the transaction (The current spread in the
terminology of Neal, 1992). In spite of this, the average quoted spread in the experimental markets is
higher than the average e!ective spread. The reason is that transactions tend to occur when the
spread is low. This phenomenon is also observed in real world stock markets.

18Note that in the case of rationing one of the prices used to calculate the spread is the market
price because in this case not all orders that were executable at the market clearing price could
actually be executed.

19The result for the dealer market in session 6 must be regarded as an outlier. Here, two subjects
consistently managed to buy high and sell low. Market makers thus had no incentive to lower their
spreads.

20The e!ective spread measures execution costs relative to the quote midpoint. As outlined
earlier, this may overstate the true cost if the spread is not set symmetrically around the fundamental
value and transactions occur with greater probability on the side of the market where the spread is
closer to the fundamental value. To correct for this potential bias we also estimated the execution
costs relative to the fundamental value. Although the di!erences between the trading institutions are
smaller, the qualitative results remain unchanged.

between the transaction price and the midquote. The latter is usually considered
to be the best estimate of the true asset value available to investors without
private information.17

No explicit spread exists in the call market. Given the availability of order
#ow data, it is, however, nevertheless possible to construct a spread measure for
the call market. The cost of transacting can be assessed after each transaction by
considering the sell order with the lowest ask price and the buy order with the
highest bid price that were not executed. The bid}ask spread in the call market
can be de"ned as the di!erence between these two price limits (Mendelson, 1982;
Friedman, 1993a).18 The rationale for this measure is the fact that an additional
order would have been "lled at a price no worse than the prices constituting the
spread. Therefore, the spread as de"ned above can be interpreted as a measure
of the price impact of an additional order.

Average bid}ask spreads for the 18 experiments, expressed as a percentage of
the asset value, are shown in Table 6.19 The spreads are lowest in the call
market and highest in the dealer market.20 Both a one-way ANOVA and
a non-parametric Kruskal-Wallis one-way ANOVA (results are not shown)
reveal that the di!erences in the means are highly signi"cant. This conclusion is
reinforced when the data is disaggregated and each period is taken as one
observation.

Consistent with the "nding that spreads in the dealer market are high, the
market maker position is pro"table. On average, pro"ts of subjects acting as
market makers are 5}10% higher than average pro"ts. Since the market maker
positions were assigned randomly, di!erent trading skills can not explain this
result.
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Table 6
Market liquidity: bid}ask spreads

Table 6 shows the average bid}ask spreads in the 18 experiments. For the continuous auction and
dealer markets average e!ective spreads are shown. The spread in the call market is the di!erence
between the limit prices of the lowest ask and the highest bid that were not executed. The spread for
each period was calculated as a percentage of the asset value; then, the average spread for each
experiment was calculated.

Series Call market Continuous
auction

Dealer
market

1 1.728 4.838 11.597
2 2.482 4.069 11.117
3 1.187 3.225 8.053
4 1.855 5.397 9.437
5 1.799 4.093 9.395
6 1.506 6.481 22.286

Average 1.760 4.684 11.981

4.2.3. The serial covariance estimator
The serial covariance estimator developed by Roll (1984) allows to calculate

an estimate of the spread when quote data is not available. It has also been used
in order to assess the transaction costs in call markets (e.g. Haller and Stoll,
1989; Pagano and RoK ell, 1990; Stoll and Whaley, 1990). The serial covariance
estimator is de"ned as

s
r
"2J!Cov(*p

t
; *p

t~1
), (6)

where Cov(*p
t
; *p

t~1
) is the serial covariance of successive price changes.

As quote data for the experimental markets is available, there is little need to
calculate the Roll measure in order to estimate the transaction costs in these
markets. We can, however, use the experimental data to assess the accuracy of
the serial covariance estimator. This is important because the argument can be
made that the serial covariance estimator is not an appropriate measure of the
transaction cost in a call market. It will tend to overstate the transaction costs.

To show this, it is assumed that the price process is described by p
t
"v

t
#e

t
where v
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is the value of the asset at time t and e
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is an i.i.d. random disturbance
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can then be shown to be
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"2pe irrespective of the trading mechanism. This is equivalent to the usual

formulation since there e
t
"s/2 and e

t
"!s/2, both with probability 0.5, and

therefore pe"s/2 where s denotes the (explicit) spread. Thus the Roll measure
can, in principle, be applied to call markets. However, the interpretation of the
resulting estimate is di!erent. In both a continuous auction and a dealer market,
e
t
"s/2 for a market participant who buys assets using a market order and
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Table 7
Market liquidity: Roll measure versus e!ective spreads

Table 7 shows the average e!ective bid}ask spread (in absolute rather than in percentage terms) and

the Roll (1984) serial covariance estimator s
r
"2J!Cov(*p

t
, *p

t~1
). For the continuous trading

mechanisms it has been computed from only opening and closing prices (upper entry) and for the
time series of all transaction prices (lower entry). The spread has to be compared with the Roll
measure calculated from all prices. n/a indicates that the Roll measure could not be computed
because the serial covariance of successive price changes was positive.

Series Call market Continuous auction Dealer market

Roll
measure

Average
spread

Roll
measure

Average
spread

Roll
measure

Average
spread

1 22.236 8.292 31.880 67.068
21.140 21.672 29.722 53.180

2 35.888 11.75 27.154 51.590
20.567 18.994 31.776 52.415

3 n/a 5.125 27.171 72.198
11.163 14.180 22.544 35.057

4 11.493 8.375 47.047 10.192
16.693 24.234 20.288 42.965

5 8.641 7.208 35.863 32.026
12.782 15.964 18.708 36.977

6 17.246 7.708 n/a 94.112
29.708 32.426 85.187 108.670

e
t
"!s/2 for a sale. Therefore, the spread estimate can readily be interpreted as

a measure of execution costs. In the call market, however, the realization of
e does not depend on whether an individual market participant buys or sells but
depends on aggregate demand and supply conditions. Although a single order
may have a price impact (as is evidenced by the spread measure discussed
above), e is likely to largely overstate this impact and can thus not be interpreted
as a measure of execution cost.

Table 7 contains the results for the Roll measure and compares them with the
bid}ask spread. The spread is calculated as de"ned earlier, but here the absolute
level of the spread rather than a percentage is given. The Roll measure has been
calculated twice for the continuous trading mechanisms; once on the basis of
opening and closing prices (upper entry in the cells) and once on the basis of all
transaction prices (lower entry). The latter leads to lower spread estimates in
most cases. The main reason is that it sometimes occurs that traders or market
makers enter quotes for large quantities that are quickly exhausted by other
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21The rank correlation coe$cient is used because the correlation is heavily in#uenced by the
extreme results from session 6.

22 In private value experiments as de"ned in Section 2 (e.g. Plott and Sunder, 1982) di!erent
traders value the asset di!erently. The traders with the highest valuation should eventually hold all
assets. By comparing the actual allocation with this rational expectations equilibrium allocation, the
allocational e$ciency of the markets can be analyzed. This is not possible in a common value design
because the equilibrium allocation is not known.

traders. This leads to a series of transactions at the same price which reduces the
negative serial correlation in the return series.

The serial covariance estimator is lower for the continuous auction market
than for the dealer market. The values for the call market tend to be even lower.
Comparing the bid}ask spread with the Roll measure yields interesting results.
For the call market the Roll measure is higher than the spread. This con"rms the
above analysis which predicts that the Roll measure overstates the execution
costs in the call market.

In the continuous auction the Roll measure provides a precise estimate of the
spread. Its average value is 18.68 as compared to an average spread of 21.24. The
correlation between the two measures is 0.895. In the dealer market, on the other
hand, the average spread is much higher than the Roll measure (average over the
six experiments 54.88 as compared to 34.70). The correlation is, however, high as
evidenced by a rank correlation of 0.77.21 The large discrepancy between the
explicit spread and the serial covariance estimator corroborates the conjecture
that the e!ective spread may be a biased measure of the realized execution cost.
Despite the numerical di!erences, however, all measures clearly indicate that
execution costs are highest in the dealer market. This result is consistent with
empirical evidence obtained from "eld data.

4.3. Signal precision, portfolio structure and trading proxts

During the experiments subjects receive information of di!erent quality.
Because subjects do not know the precision of their signals at the beginning of
a period they are unable to adjust their behavior accordingly. It can therefore be
expected that the quality of the information in#uences their trading decisions
and the total wealth at the end of the period.22

If subjects act on their information and can, at least at the beginning of the
period, not judge the quality of their signals, then one should expect to "nd that
subjects observing higher signals will, on average, buy assets while subjects with
low signals will sell assets. We computed the correlation and the rank correla-
tion between the signal quality and the number of assets in the end-of-period
portfolio for each period of each experiment. The signal quality is de"ned as the
signed di!erence between signal and asset value. The results are presented in
Table 8. As has been expected, there is a clear relationship between the two
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Table 8
Information and asset allocation

Table 8 shows the correlation and rank correlation between the signed deviation between private
signal and value on the one hand and the number of assets in the end-of-period portfolio on the
other hand. The coe$cients have been computed separately for each period and each experiment.
This results in a total number of 72 coe$cients for each market mechanism. CM is the call market,
DA the continuous (double) auction and MM the dealer (market maker) market.

CM DA MM

Average correlation coe$cient 0.437 0.423 0.491

Number of positive coe$cients 69 62 68

Signi"cant (10%, one-tailed test) 48 47 56

Average rank correlation coe$cient 0.398 0.414 0.520

Number of positive coe$cients 67 61 68

Signi"cant (10%, one-tailed test) 42 45 55

variables, indicating that subjects with higher [lower] signals buy [sell] assets
on average. This relationship seems to be somewhat more pronounced in the
dealer market.

The results presented in Table 8 document a relation between the signed
signal quality and the signed asset holdings. We further expect a relation
between the absolute signal quality and the trading volume. Traders with more
extreme signals observe a higher discrepancy between their private signal and
the market price. They are thus more likely to trade than traders with more
precise signals. This is especially true for the call market in which the "rst
transaction occurs before any information besides the private signals becomes
available. We regressed the net trading volume for each subject and each period
on the absolute signal quality. The results, shown in Panel A of Table 9, con"rm
the expectation of a positive relation between absolute signal precision and net
trading volume. The coe$cient for the call market is larger than the coe$cients
for the continuous auction and the dealer market. The di!erences between the
coe$cients are, however, not signi"cant.

The relation between signal precision and trading volume should also hold on
the aggregate level. In periods with more dispersed signals, di!erences in
opinion between traders are more pronounced and trading volume is likely to be
higher. We used the coe$cient of variation as our measure of the dispersion of
the signals and relate this measure to the net trading volume. The coe$cients of
correlation between the two variables are presented in Panel B of Table 9. The
relation between signal dispersion and net trading volume is strongest in the call
markets. The average correlation is 0.24 and all six individual coe$cients are
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Table 9
Information quality and trading volume

Panel A: Results of a regression of the net change in asset holdings of trader i in period t (de"ned as
the absolute di!erence between the initial endowment and the number of assets at the end of the
period) on the quality of the signal the trader received in that period (de"ned as the percentage
deviation between the signal and the fundamental value, Ds

i,t
!v

t
D/v

t
).

Intercept Slope
(p-value) (p-value)

Call market 50.69 619.91
(0.00) (0.00)

Continuous auction 62.92 509.49
(0.00) (0.00)

Dealer market 95.88 591.04
(0.00) (0.00)

Panel B: Correlation between the signal dispersion (measured by the coe$cient of variation, the
ratio of the standard deviation of the signals of the 12 traders in a period to the mean of the signals)
and the net change in asset holdings (as de"ned earler).

Call market Continuous auction Dealer market

Average 0.243 0.136 0.158
Number of positive coe$cents 6 4 4

positive. The average coe$cients for the continuous auction and the dealer
markets are 0.14 and 0.16, respectively, and four of the six coe$cients are
positive.

Finally, it is interesting to analyze whether subjects with less precise informa-
tion have lower end-of-period wealth. Due to its stochastic character the quality
of the information a subject receives changes from period to period. Averaged
over the periods, the signal quality is therefore approximately equal. Tests must
thus be performed on a disaggregated basis. The following procedure was
chosen. For each period subjects were divided into two groups according to the
quality of their signals. The absolute deviation between the signal and the asset
value was used as measure of information quality. Then the average end-of-
period wealth of both groups was calculated. This procedure was repeated for
each period. Due to the random character of the signal quality the composition
of the groups changes from period to period. Finally, the results were aggregated
over the 12 periods of the experiment. Panel A of Table 10 shows the di!erence
between the average wealth of the groups with high and low signal precision.
For the dealer market the calculation has been repeated after exclusion of the
market makers. These results are also shown in the table.
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Table 10
Information quality and end-of-period wealth

Panel A: Di!erences in the average end-of-period wealth between the groups of subjects with high
and low signal precision. In each period subjects were grouped by the absolute deviation between
their private signal and the asset value. Then the average end-of-period wealth was calculated and
averaged over the 12 periods. The composition of the groups changes from period to period because
the signal quality is a random variable. Results in parentheses in the last column are calculated after
elimination of the market makers from the sample.

Average advantage due to high
information quality

CM DA MM

1 !225.5 1183.0 1385.9
(618.9)

2 493.0 !776.6 2254.8
(1133.5)

3 597.1 !1022.6 2524.6
(432.9)

4 164.6 !907.1 557.3
(!522.5)

5 !108.3 386.0 888.2
(819.5)

6 !830.1 1836.9 !241.9
(!1154.0)

Panel B: Results of a regression of the normalized pro"t of trader i in period t (de"ned as the relation
between the end-of-period wealth of that particular trader and the average end-of-period wealth of
all traders in that period) on the quality of the signal the trader received in that period (de"ned as the
percentage deviation between the signal and the fundamental value, Ds

i,t
!v

t
D/v

t
).

a (p-value) b (p-value)

Call market 1.000 !0.0097
(0.00) (0.65)

Continuous auction 0.997 0.0591
(0.00) (0.26)

Dealer market 1.014 !0.2849
(0.00) (0.02)

In both the call market and the continuous auction there is apparently no
relationship between information quality and end-of-period wealth. For the
dealer market there is weak evidence of a relationship. These "ndings are
con"rmed by a regression analysis for the pooled data set. For this analysis,
the end-of-period wealth w

i,t
of each subject was expressed as a percentage of the

average wealth of all subjects at the end of the period. Then the data was pooled
over all six experiments conducted with each trading mechanism. Finally, the
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normalized wealth variable was regressed on the percentage deviation between
the private signals and the asset value:

w
i,t
"a#b

Ds
i,t
!v

t
D

v
t

#e
i,t

(7)

The results, shown in Panel B of Table 10, con"rm the earlier "nding that
a relation between signal quality and end-of-period wealth exists in the dealer
market only.

It can thus be concluded that traders with imprecise signals do, on average,
not loose in the call and continuous auction markets. The pattern of results
depicted in Table 10 is consistent with e$cient price discovery in the experi-
mental auction markets. Subjects with high [low] signals buy [sell] assets on
average but they transact at fair prices and therefore do not loose.

The results for the dealer markets may be explained by the fact that traders in
these markets do not have the choice to supply liquidity. Traders with imprecise
signals trade more (as documented in Table 9) and thus incur higher execution
costs. This, in turn, reduces their trading pro"ts.

5. Summary

This paper reports the results of a series of market experiments that were
conducted in order to compare the call market, the continuous auction market
and the dealer market. The design incorporates asymmetric information but
guarantees that the ex-ante quality of the private signals of all traders is
identical. Therefore, the aggregation of diverse information can be analyzed in
the absence of insider trading.

It is found that opening prices in the call market are closer to the true value of
the asset than opening prices in the continuous auction and the dealer markets,
although the di!erence to the continuous auction is not signi"cant. The practice
of many exchanges to start trading with a call auction can thus be justi"ed.
Single transaction prices in the call and continuous auction markets are gener-
ally much more e$cient than prices in the dealer market. The latter is, however,
very e$cient when average prices are analyzed. Averaging the prices of a trading
period largely eliminates the bid}ask spread. The conclusion, therefore, is that
prices in a dealer market convey information of high quality, but at the expense
of high transaction costs.

The call market, although depicting small pricing errors, shows a systematic
tendency towards underreaction to new information. This result is consistent
with the predictions of theoretical models such as Kyle (1985) and the empirical
results reported in Amihud et al. (1997).

An analysis of market liquidity leads to the conclusion that execution costs
are lowest in the call market and highest in the dealer market. This result does
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not depend on how execution costs are measured. It is consistent with empirical
evidence obtained from "eld data. The trading volume turns out to be a poor
proxy for the execution costs because higher trading volume is associated with
higher rather than lower spreads. The experimental results con"rm the predic-
tion that Roll's (1984) serial covariance measure overstates the execution costs in
call markets.

The accuracy of the signals traders receive in#uences the composition of
individual portfolios and the trading volume. A relation between signal quality
and pro"ts is only found in the dealer market. This result is consistent with
e$cient price discovery in the call and continuous auction markets.

There are several promising ways to extend the research presented in this
paper. First, similar comparisons of trading mechanisms can be performed using
a design that incorporates insiders. Second, the design of the trading mecha-
nisms can be varied. Possible variations are the introduction of indicative prices
or an open order book in the call market or of varying numbers of market
makers in the dealer market.
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