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PREFACE

Amnon Rapoport
University of Arizona
and
Hong Kong University of Science and Technology

Rami Zwick
Hong Kong University of Science and Technology

This volume (and volume III) includes papers that were presented and discussed
at the Second Asian Conference on Experimental Business Research held at the
Hong Kong University of Science and Technology (HKUST) on December 16–19,
2003. The conference was a follow up to the first conference that was held on
December 7–10, 1999, the papers of which were published in the first volume
(Zwick, Rami and Amnon Rapoport (Eds.), (2002) Experimental Business Research.
Kluwer Academic Publishers: Norwell, MA and Dordrecht, The Netherlands). The
conference was organized by the Center for Experimental Business Research (cEBR)
at HKUST and was chaired by Amnon Rapoport and Rami Zwick. The program
committee members were Paul Brewer, Kenneth Shunyuen Chan, Soo Hong Chew,
Sudipto Dasgupta, Richard Fielding, James R. Frederickson, Gilles Hilary, Ching-
Chyi Lee, Siu Fai Leung, Ling Li, Francis T Lui, Sarah M Mcghee, Fang Fang
Tang, Winton Au Wing Tung, and Raymond Yeung. The papers presented at the
conference and a few others that were solicited especially for this volume contain
original research on individual and interactive decision behavior in various branches
of business research including, but not limited to, economics, marketing, management,
finance, and accounting.

1. THE CENTER FOR EXPERIMENTAL BUSINESS RESEARCH

The Center for Experimental Business Research (cEBR) at HKUST was established
to serve the needs of a rapidly growing number of academicians and business leaders
in Hong Kong and the region sharing a common interest in experimental business
research. Professor Vernon Smith, the 2002 Nobel laureate in Economics and a
current member of cEBR’s External Advisory Board, inaugurated the Center on
September 25, 1998. Since then the Center has been recognized as the driving force
behind experimental business research conducted in the Asia-Pacific region. The
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mission of cEBR is to promote the use of experimental methods in business research,
expand experimental methodologies through research and teaching, and apply these
methodologies to solve practical problems faced by firms, corporations, and govern-
mental agencies. The Center accomplishes this mission through three agendas:
research, education, and networking and outreach programs.

2. WHAT IS EXPERIMENTAL BUSINESS RESEARCH?

Experimental Business Research adopts laboratory-based experimental economics
methods to study an array of business and policy issues spanning the entire business
domain including accounting, economics, finance, information systems, marketing,
and management and policy. “Experimental economics” is an established term that
refers to the use of controlled laboratory-based procedures to test the implications
of economic hypotheses and models and to discover replicable patterns of eco-
nomic behavior. We coined the term “Experimental Business Research” in order to
broaden the scope of “experimental economics” to encompass experimental finance,
experimental accounting, and more generally the use of laboratory-based procedures
to test hypotheses and models arising from research in other business related areas,
including information systems, marketing, and management and policy.

Behavioral and experimental economics has had an enormous impact on the
profession of economics over the past three decades. The 2002 Nobel Prize in
Economics (Vernon Smith and Danny Kahneman) and the 2001 John Bates Clark
Medal (Matthew Rabin) have both gone to behavioral and experimental economists.
In recent years, behavioral and experimental research seminars, behavioral and
experimental faculty appointments, and behavioral and experimental PhD dissert-
ations have become common at leading US and European universities.

Experimental methods have played a critical role in the natural sciences. The
last fifteen years or so have seen a growing penetration of these methods into
other established academic disciplines including economics, marketing, management,
accounting, and finance, as well as numerous applications of these methods in both
the private and public sectors. cEBR is active in introducing these methodologies to
Hong Kong and the entire Pacific Basin. We briefly describe several reasons for
conducting such experiments.

First and most important is the use of experiments for designing institutions
(i.e., markets) and evaluating policy proposals. For example, early experiments that
studied the one-price sealed bid auction for Treasury securities in the USA helped
to motivate the USA Treasury Department in the early 1970 to offer some long-term
bond issues. Examples for evaluating policy proposals can be found in the area of
voting systems, where different voting systems have been evaluated experimentally
in terms of the proportion of misrepresentation of a voter’s preferences (so-called
“sophisticated voting”). In the past decade, both private industry and governmental
agencies in the USA have funded studies on the incentives for off-floor trading in
continuous double auction markets, alternative institutions for auctioning emissions
permits, and market mechanisms for allocating airport slots and the FCC spectrum
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auction. More recently, Hewlett-Packard has used experimental methods to evaluate
contract policy in areas from minimum advertised price to market development
funds before rolling them out to its resellers, and Sears used experimental methods
to develop a market for logistics.

Second, experiments are employed to test a single theory or compare compet-
ing theories. This is accomplished by comparing the behavioral regularities to the
theory’s predictions. Examples can be found in the auction and portfolio selection
domains. Similarly, business experiments have been conducted to explore the causes
of a theory’s failure. Examples are to be found in the fields of bargaining, account-
ing, and the provision of public goods.

Third, because well-formulated theories in most sciences tend to be preceded by
systematically collected observations, business experiments are used to establish
empirical regularities as a basis for the construction of new theories. These empir-
ical regularities may vary considerably from one population of agents to another,
depending on a variety of independent variables including culture, socio-economic
status, previous experience and expertise of the agents, and gender.

Finally, experiments are used to compare environments, using the same institu-
tion, or comparing institutions, while holding the environment constant.

3. CONTENT

Volume II contains papers under the general umbrella of economic and managerial
perspectives whereas Volume III includes papers from the fields of Marketing,
Accounting, and Cognitive Psychology. Volume II includes 13 chapters coauthored
by 24 contributors. The authors come from many of the disciplines that correspond
to the different departments in a modern business school.

In Chapter 1, Chen and Huang report on a sequence of experiments that were
conducted at the Hewlett-Packard Labs, in collaboration with Ford Research Lab,
to study consumer behavior in a durable goods market where leasing is prevalent.
The experiments have mostly confirmed aggregate predictions of the theory and
validated several qualitative features of the theoretical model. Chen and Huang
observed subjects segmenting themselves into classes of behavior based on their
willingness-to-pay parameters. Subjects at the low end of willingness-to-pay were
priced out of both the used- and the new-goods markets. Subjects at the high end
leased with increasing frequencies. They sometimes exercised their options depend-
ing on the realization of the residual quality and the potential value achievable at
the used-goods market. The last segment of the subjects stayed in the middle and
primarily participated in the used-goods market. The sizes of these three groups
were qualitatively consistent with the theoretical predictions. Furthermore, when the
strike price was increased in a different treatment, the experimental market mostly
responded in the direction predicted by the model. This result is robust to small
variations of market rules and sampling of subjects. Given the fact that the theoret-
ical model has largely grossed over issues of market rules in the used-good market,
the near agreement between theory and experiment is quite impressive.
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On the other hand, in all the experiments the subjects with high valuation are
more likely to exercise the option relative to the theoretical prediction. Chen and
Huang suggest several possible explanations including risk-aversion or an ownership
effects that are not addressed by the theoretical model.

Chapter 2 by Brewer begins with the question of whether it might be possible to
integrate or reconcile ideas of market dynamics found in microeconomics with those
found in the random walk or Martingale theory of finance.

Brewer uses a long time series generated by a Continuously Refreshed Supply
and Demand (CRSD) laboratory market that provides a practical framework for an
initial study of these questions. He concludes that, first, something like a random
walk process can be useful in modeling the slow convergence component of prices
found in CRSD markets. When a random walk in bids and asks is censored against
individual budget constraints the resulting market prices appear to slowly converge
towards the predictions of supply and demand. The innovative step in this model
is that the random walk is not in transaction prices, but instead is a component
involved in the process generating bids and asks.

The second conclusion is that the price dynamics of human-populated markets
contain a number of different kinds of effects that seem to be operating simultane-
ously. Smoothing shows a AR(1) process similar to that seen in the constrained
random walk robots. However, prices in the human-populated markets also show a
complex outlier generation and correction process. A large move in prices at one
trade is often corrected back towards the average with the next trade. This type of
‘memory’ of the process is not captured by an AR(1) statistical process or a con-
strained random walk of bids/asks. Removing many of the large outliers and adding
an MA(1) component to absorb the remaining outlier/correction process yields an
ARMA(1,1) model that varies as the market converges towards equilibrium.

A structural break in the ARMA parameters seems to occur as equilibrium is
reached. The nature of this structural break is left for further research. It may suggest
the use of models with multiple regimes for price discovery and equilibrium behavior
rather than a simple stationary model.

Based on the above observations, Brewer speculates that a combined theory
of microeconomic and financial adjustment may possibly be relied on classifying
markets along several dimensions: (i) Markets with finite ending times and finite
trade that can be roughly modeled as a noisy Marshallian process, and (ii) Markets
with no fixed ending time and continuously refreshed supply and demand, such as
the CRSD market presented in the chapter. These markets exhibit price convergence
when populated by humans that can not be explained as a Marshallian process,
but only as either a Walrasian class of adjustment processes or some other type of
process yet to be decribed.

In Chapter 3, Saijo discusses the problem of choosing a model from several pos-
sible alternatives, and then uses global warming and emissions trading mechanism
as an example. The chapter reviews three theoretical approaches to emission control:
a simple microeconomic logic, a social choice concept (i.e., strategy-proofness), and
a specific mechanism (Mitani mechanism) where prices and quantities are strategic
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variables, and the competitive equilibrium is attained via the constructed game.
Since the assumed environments in the theories are quite different from one another,
contradictory conclusions are derived. For example, the social choice approach pre-
sents quite a negative view of attaining efficiency, whereas the two other approaches
suggest some ways to attain it. Clearly, public policy makers will be benefited from
adopting a model that is a true representation of the “real” environment. However,
we lack a consistent measure of proximity between the simplified theoretical assump-
tions and the real environment. Saijo suggests in this chapter that one way to under-
stand (and demonstrate) how each model works is to implement its assumptions in a
laboratory-based experimental environment, and he described how it has been done
with the above three alternative models. The experimental approach helps drawing
conclusions as to how and when theories work, conclusions that are extremely
important in the public policy domain.

Chapter 4 by Friedman and Huberman reports on an experimental investigation
of Internet congestion. Human players and automated players (bots) interact in real
time in a congested network. A player’s revenue is proportional to the number of
successful “downloads” and his cost is proportional to his total waiting time. Con-
gestion arises because waiting time is an increasing random function of the number
of uncompleted download attempts by all players. The most important question in
Friedman and Huberman chapter concerns rent dissipation. Would human players
find some way to reduce congestion costs and move towards the social optimum, or
would they perhaps create even more congestion than in Nash equilibrium? Friedman
and Huberman report that human players outperform the current generation of auto-
mated players (bots). The bots do quite badly when capacity is low. Their decision
rule fails to anticipate the impact of other bots and neglects the difference between
observed congestion (for recently completed download attempts) and anticipated
congestion (for the current download attempt). Human players are slower and less
able to exploit excess capacity (including transient episodes due to random noise),
but some humans are far better at anticipating and exploiting the congestion trends
that the bots create. In the experiment, the second effect outweighs the first, so
humans earn higher profits than bots. Overall, however, efficiency is quite low and
players overdissipate potential rents, i.e., earn lower profits than in Nash equilibrium.

Friedman and Huberman conclude by offering several directions for future research
including looking at “smarter” bots, connecting the results to the experiments on
queuing behavior in which, contrary to the current results, fairly efficient outcomes
are reported. They also propose probing the robustness of the overdissipation result
by replicating the study in human-only and bots-only environments, and implement-
ing alternative congestion functions and investigating mechanisms such as conges-
tion taxes to see whether they enable humans and robots to earn higher profits in
congestible real-time environments.

Chapter 5 presents the results of a study by Reiley on controlled experimental
auctions performed in a field environment. By auctioning real goods in a preexisting,
natural auction market, Reiley has collected data in a manner that is intermediate
between laboratory experiments and traditional studies of field data. Given the nature
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of the study, some variables were unobservable and uncontrolled such as the private
“valuations” of the goods. On the other hand, the procedure made it possible to hold
constant most of the relevant variables in the environment, and to manipulate the
treatment variable, which in this case was the existence and level of reserve prices.
By giving up the ability to observe and manipulate some of variables that laboratory
experimenters can control, Reiley gained a realistic environment. The participants
had previous experience bidding for the types of real goods auctioned in this study
(Magic cards), and the auctions took place in an Internet-based market where bidder
entry decisions seemed potentially important.

Reiley reports that first, entry costs were an important feature of this real-world
auction markets, thus confirming the central assumption of endogenous-entry auc-
tion theory. Second, when the same cards were auctioned twice in rapid succession,
very different sets of people decided to submit bids, despite the fact that the same
superset of people were invited to participate both times. This can be interpreted as
evidence in favor of the stochastic (mixed strategy) entry equilibrium model, where
the number of participating bidders varies unpredictably. Third, Reiley reports that,
contrary to the theory of McAfee, Quan, and Vincent (1998), a zero reserve price
can earn higher expected profits than a reserve price equal to the auctioneer’s sal-
vage value. Perhaps an absolute auction attracts significantly more bidder attention
than an auction with even modest reserve prices, causing additional entries than
might be suggested by a model of rationally calculated bidder entry decisions.

Chapter 6 by Houser and Wooders also deals with Internet auctions, investigat-
ing the effect of closing rules (hard vs. soft) on the seller’s revenues. Laboratory
evidence from Ariely, Ockenfels, and Roth has shown that sellers obtain more
revenue when they use a soft rather than hard-close auction. This study presents
evidence that the soft-close auction continues to be superior, even when it is
employed in the field. Furthermore, the soft-close auction raises more revenue than
a hard-close auction, even when both auctions must compete for bidders, as is the
case in the field. Houser and Wooders further discuss the discrepancy between
their results and the ones reported by Gupta (2001), where no difference in revenues
were found between the soft and hard closing rules. They suggest that the size of the
stakes may be important in understanding behavior in soft- and hard-close auctions.
In particular, the revenue advantage they found for soft-close auctions may become
insignificant in auctions of smaller denomination gift cards, if bidders believe that it
is not worth their effort to time the placing of their bids.

In Chapter 7, Cox and Hayne investigate the conditions under which the incent-
ive for free riding promotes rational bidding in common value auctions. Their study
is motivated by the fact that, for the most part, economics has focused on models of
individual rational agents whereas many important decisions are made by small
groups such as families, management teams, boards of directors, central bank boards,
juries, appellate courts, and committees of various types. For example, bid amounts
in an economically important common value auction, the U. S. Outer Continental
Shelf oil lease auction, are typically decided by committees. The Cox and Hayne
approach differs from most previous research on group decision making in that they:



PREFACEPP xiii

(a) study group decision making in the context of strategic market games, rather than
non-market games against nature; and (b) use a natural quantitative measure to
determine whether and, indeed, how far groups’ decisions depart from rationality.
Data from their previous research on group bidding behavior supports some striking
conclusions. In particular, comparing bidding behavior of natural, face-to-face groups
with bidding behavior by individuals reveals a “curse of information” that compounds
the winner’s curse. The bidding behavior of both individuals and natural groups
deteriorates when they are given more information (a larger signal sample size) but
bidding by groups deteriorates more dramatically. Most strikingly, natural group
bidders with more information (5 signals) are significantly less rational bidders
than individuals with less information (1 signal). Data from the current experiments
involving cooperative and non-cooperative nominal groups reveal a rare instance in
which an incentive to free ride leads to more, rather than less, rational economic
outcomes. The non-cooperative nominal group treatment, with the unequal profit-
sharing rule providing a free-riding incentive, produced bidding behavior that was
more rational than that observed with the cooperative nominal group treatment with
no incentive to free riding.

In Chapter 8, Hannan, Hoffman, and Moser discuss the comparative effective-
ness of bonus versus penalty contracts. They report an experiment in which particip-
ants acted as employees under either a bonus contract or an economically equivalent
penalty contract. They measured the participants’ contract preference, their degree
of expected disappointment about having to pay the penalty or not receiving the
bonus, their perceived fairness of their contract, and their effort level. The find-
ings can be summarized as follows: Consistent with previous work, they find that
employees generally prefer bonus contracts to economically equivalent penalty con-
tracts. However, they extend previous studies by demonstrating that employee effort
is higher under a penalty contract than an economically equivalent bonus contract
and that this finding is the result of two effects that work in opposite directions. The
first effect is due to loss aversion, which makes employees more averse to having
to pay a penalty than not receiving a bonus, and causes them to choose more effort
under the penalty contract. The second effect reflects reciprocity, which causes
employees who consider their contracts to be fairer to choose more effort. Because
employees generally perceived the bonus contract to be fairer than the penalty con-
tract, reciprocity caused employees to choose more effort under the bonus contract.
They find support for both of these opposing effects, with reciprocity dampening,
but not completely offsetting, the dominant effect of loss aversion on employee
effort.

Hannan, Hoffman and Moser conclude by discussing the implications of their
results for explaining why in practice most actual contracts are bonus contracts
rather than penalty contracts. In particular, they point out that their results show
that conventional economic analysis fails to capture either employees’ preferences
for bonus contracts or the fact that penalty contracts motivate higher effort. They
speculate that there are still other costs associated with offering penalty contracts,
or benefits associated with offering bonus contracts, that are not yet reflected in any
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of the currently available explanations for why penalty contracts are rarely observed
in practice. For example, in some work settings, employees have ways to retaliate
against firms that offer a penalty contract other than to withhold effort. In such
settings, employees could work hard to avoid the penalty, but then quit the firm to
work for another firm; or, alternatively, they could withhold effort and possibly pay
the penalty, but then extract monetary benefits from the firm through other means
(e.g., employee theft) to make up for their lost incentive compensation. If firms
anticipate such retaliation, they may conclude it is cost effective to offer employees
bonus contracts rather than penalty contracts.

Chapter 9 by Croson and Schinnar reports on a study that experimentally tests
the impact of managerial incentives on competitive (market) outcomes. They use a
symmetric Cournot duopoly setting with perfect information and no uncertainty and
compare different compensation schemes; one in which managers are paid as a
function of the profits of the firm, and a second where they are compensated based
on their performance relative to the other firm in their industry. When managers are
compensated based on firm profits, the equilibrium of the game involves collusion.
However, when managers are compensated based on relative profits, the equilibrium
devolves to the perfectly competitive outcome. They test this simple theory in an
experiment.

The experimental results support the model’s comparative-static predictions:
how managers are compensated (based on absolute or relative profits) has important
implications for collusive behavior. In addition to validating the theory, these results
have important lessons for antitrust regulators. To determine whether an industry is
collusive it is not sufficient (and may not even be necessary) to look at the industry’s
output; one should also look at managerial incentives of the individual firms.
Similarly, regulating managerial incentives may have a bigger impact than simply
denying specific mergers. Even in very concentrated (two-party) industries such as
the one implemented in the current research, when incentives were relative rather
than absolute, outcomes were competitive. Thus, even in industries where concentra-
tion and other usual measures of collusive potential are the same, the amount of
inefficiency that is observed is likely to depend on the incentives of the managers.

Chen in Chapter 10 studies the dynamic stability of Nash-efficient public goods
mechanisms and reconciles theory with previously reported experimental results.
Until now, Nash implementation theory has mainly focused on establishing static
properties of the equilibria. However, experimental evidence suggests that the funda-
mental question concerning any actual implementation of a specific mechanism is
whether decentralized dynamic learning processes will actually converge to one of
the equilibria promised by theory. Based on its attractive theoretical properties and
the supporting evidence for these properties in the experimental literature, Chen
focuses on supermodularity as a robust stability criterion for Nash-efficient public
goods mechanisms with a unique Nash equilibrium. Her paper demonstrates that
given a quasilinear utility function the Groves-Ledyard mechanism is a supermodular
game if and only if the punishment parameter is above a certain threshold value
while none of the Hurwicz, Walker and Kim mechanisms is a supermodular game.
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The Falkinger mechanism can be converted into a supermodular game in a quadratic
environment if the subsidy coefficient is at least one. These results generalize a
previous convergence result on the Groves-Ledyard mechanism, and are consistent
with the experimental findings. Two aspects of the convergence and stability ana-
lysis in this paper warrant attention. First, supermodularity is sufficient but not
necessary for convergence to hold. It is possible that a mechanism could fail super-
modularity but still behaves well on a class of adjustment dynamics, such as the Kim
mechanism. Secondly, The stability analysis in this paper, like other theoretical
studies of the dynamic stability of Nash mechanisms, have mostly been restricted to
quasilinear utility functions. Consequently, the maximal domain of stable environ-
ments remains an open question. Results in this paper suggest a new research agenda
that systematically investigates the role of supermodularity in learning and conver-
gence to Nash equilibrium.

In Chapter 11, Bearden, Rapoport, and Seale study entry times in queues with
endogenous arrivals, and in particular the dynamics of play on the individual and
aggregate levels. In previous studies the authors (and several additional co-authors)
have investigated experimentally how delay-averse subjects, who patronize the same
service facility and choose their arrival times simultaneously from a discrete set of
time intervals, seek service. Taking into account the actions of others, whose number
is assumed to be commonly known, each self-interested subject attempts to max-
imize her net utility by arriving with as few other subjects as possible. Each player
can also stay out of the queue on any particular trial. Using a repeated game design
and several variants of the queueing game, the authors report consistent patterns of
behavior (arrival times and staying out decisions) that are accounted for successfully
by the symmetric mixed-strategy equilibria for the games, substantial individual
differences in behavior, and learning trends across iterations of the stage game. The
major purpose of the chapter is to account for the main results of several different
conditions by the same reinforcement-based learning model formulated at the indi-
vidual level.

The authors adopt a “bottom-up” approach to explain the dynamics of the
repeated interaction. The focus is on the distributions of arrival time on both
the aggregate and individual levels. They begin the analysis with a simple model
that has as few parameters as possible, and modify it in light of the discrepancies
between theoretical and observed results. The performance of the learning model is
mixed. It accounts quite well for the aggregate distributions of arrival time in four
of the five conditions and produces heterogeneous patterns of individual arrival
times that are quite consistent with those produced by the experimental subjects.
However, the learning model generates considerably more switches in arrival times
than observed in the data and somewhat smaller mean switch magnitude than
observed in all the experimental conditions.

Chapter 12 by Schotter surveys a number of papers all of which have investig-
ated the impact of advice on decision-making. In general, this advice is offered
by decision makers who are only slightly more experienced in the task at hand than
are the people they advise. Such an advice is referred to in the chapter as “naïve”
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advice. Despite this lack of expertise Schotter reports a number of common findings.
First, people tend to follow the advice offered to them. This is seen in a number of
ways. For example, in Ultimatum and Trust games the amounts of money sent by
the senders to the receivers is remarkably close to the amounts these subjects are
advised to send. In coordination games, subjects tend to choose the action they are
told to even when that action differs from the action that constitutes a best response
to their beliefs about their opponent. Second, not only is advice listened to and
followed, but it tends to change people’s behavior. Games played with advice are
played differently than those same games played without it. In addition, efficiency is
generally higher when games are played with advice. This is true in coordination
games where subjects tend to coordinate more often, in social learning tasks where
advice increases the incidence of herds and cascades but always on the right deci-
sion, in one-person learning tasks, and finally in the Minimum Games when advice
is public. Schotter proposes that the reason why advice is so beneficial is that it
forces decision makers to look at the problem they are facing in a more detached
manner. The act of giving advice forces one to rethink the problem at hand while the
act of receiving advice forces one to evaluate the advice that is given. Both endeavors
lead a decision maker to take a more global approach to the problem and help a
decision maker see the forest rather than the trees.

The last Chapter (Chapter 13) by Lee, Weg, and Zwick reports on the failure of
Bayesian updating in repeated bilateral bargaining game. They study a game that
allows for reputation building. Of course, it is quite natural for people or institutions
to misrepresent their true nature in pursuit of gaining some benefits which otherwise
could not be attained. Although misrepresentation may touch on questions of the law
there are situations in which misrepresentation may only be a matter of benign
convenience and opportunity as the framework explored in the present chapter shows.
The basic setting for this study includes a buyer and a seller. The seller possesses
five units of a product that he intends to sell to the buyer in five periods, one unit in
each period. The buyer is known to the seller to be one of two types: low cost (L)
and high cost (H) with probabilities π and 1π − π, respectively. This is operationalizedπ
as the low or high costs related to the seeking of an alternative supplier for an
identical product that the seller proposes to sell. Upon receipt of the proposal to sell
the product at a specific price, the buyer may accept it and thus terminate the
transaction, or opt to search (at a cost) for a better price by another supplier. The
search for another supplier is always successful; however, the price may be better
or worse than the current one proposed by the present seller. If the buyer elects to
search, she abandons the opportunity to purchase the unit at the original seller asking
price and is committed to pay the “searched” price even if it is higher than the
current asking price (i.e., this is a no recall environment). The game is repeated
(5 times) among the same two players. The equilibrium of the game is very similar
to that of the game described by Kreps and Wilson and also to the one that was
experimentally tested by Camerer and Weigelt. Whereas Camerer and Weigelt
concluded that “sequential equilibrium describes actual behavior well enough” the
experiment reported in this chapter demonstrates the limit of the above conclusion.
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In particular, the ultimatum nature of the basic game tends to overwhelm rational
behavior on the part of the sellers, and buyers are not cognizant of favorable prices
occurring later in the game. The authors conclude by discussing the sources of
difficulties in playing the game “correctly” and offer several suggestions for further
theoretical developments to accommodate the current findings.

Similar to the first volume, volumes II and III should be viewed as work in
progress and guide for future research. The conference and the resulting book were
designed to provide a place for intellectual exchange of ideas between experiment-
alists within the various business disciplines. We hope that the exposure we have
provided for the experimental method in business will inspire the reader to pursue
the method and take it to new heights.
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Chapter 1

DURABLE GOODS LEASE CONTRACTS AND
USED-GOODS MARKET BEHAVIOR:
AN EXPERIMENTAL STUDY

Kay-Yut Chen
Hewlett-Packard Laboratories

Suzhou Huang
Ford Motor Company

Abstract

Leasing has become an increasingly prominent way for consumers to acquire
durable goods such as automobiles. How markets respond to changes in lease con-
tracts has enormous implications to producers such as Ford Motor Company. In this
paper, an experimental model was developed to study the interaction between lease
contracts that embed an option to purchase and an underlying used-goods market.
Experiments with subjects playing roles of heterogeneous consumers have con-
firmed many salient features predicted by the theoretical model. These features
include the segmentation of subjects into classes of behavior, and directional re-

1. INTRODUCTION

Leasing has become an increasingly prominent way for consumers to acquire

but not the obligation to purchase the item at the end of the lease. This form of lease
contract is very popular in the automobile industry. In this paper, an experimental
model was developed to study how this kind of lease contracts interacts with an
underlying used-goods market. This research, although self-contained, is the first
stage of collaboration between HP Labs and the Ford Motor company to create a
general framework to address some of the unique issues in automobile marketing.

The standard option pricing theory approach assumes perfect competition and
frictionless market (Black and Scholes 1973, Merton 1973). In this framework,
agents are assumed to be homogenous and non-strategic, and transaction costs are all
negligibly small. Furthermore, producers are assumed to have little market power

© 2005 Springer. Printed in the Netherlands. 

durable goods. Very often, lease contracts embed options that allow lessees the right

sponse to pricing in the used-good market to the provision in lease contracts.
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and hence are treated as price takers. These assumptions are quite reasonable for
financial and well-traded commodity markets. However, they often fail to capture
the key features of those markets in which durable goods are leased such as auto-
mobiles and heavy machineries. In these durable-goods markets, consumers are
heterogeneous and need to act strategically in their consumption decisions in a time-
consistent manner due to sizable transaction costs that they have to incur for trading
used goods. Similarly, many of these durable goods are often made by a few big
producers with a high degree of differentiation. This, in turn, implies that, rather
than simply acting as price takers, the producers can enjoy certain market power in
pricing their goods and changing provisions in lease contracts. Aiming to gain
insights, Huang and Yang (2002) had constructed a theoretical model that explicitly
incorporates many of the salient features of the economic environment that is more
appropriate for these durable-goods markets.

However, some issues remain unresolved if the purpose is to adapt the insights
to make policy decisions in the real world. One key issue is whether the model is
robust with respect to the stringent rationality requirements imposed upon the con-
sumers. Huang and Yang (2002) employed the solution concept of the Markov
perfect equilibrium (Maskin and Tirole 1988). The solution requires the consumer to
have perfect knowledge of the present and future prices, as well as the supply and
demand of used goods, which are all endogenously determined by solving com-
plicated mathematical equations. This is obviously beyond the undertaking of an
average consumer. Even if every agent in the system can perform the mathematics
required, there is ample evidence to show that people are neither risk-neutral nor
even adhering to expected utility maximization (Camerer 1995). Another question
is whether the theoretical results are robust with respect to variations of the price
discovery process, which can vary depending on the particular market mechanisms
used. It is also impractical trying to infer the answer from real world data because
there are many unobserved or uncontrollable variables. The most promising approach
is laboratory experiment.

A series of experiments was conducted at HP Experimental Economics Lab.
In each experiment, around 23–28 subjects were recruited to play the role of con-
sumers in a hypothetic durable-goods market. Standard experimental economics
procedures were followed while there was a slight variation to the standard design of
treatments. We gave subjects exact information about the experiment. They were
told that their monetary rewards depended on their aggregate performance of the
experiment. We preserved anonymity with respect to roles and payment and we used
no deception. The experimental model was directly adapted from the setting in
Huang and Yang (2002). There was one brand of homogenous goods when they are
new. Each unit of goods was associated with a quality measure. A new unit always
started with the quality of one. In the first period, a random amount was consumed.
The residual or leftover quality was observed at the end of first period, which later
would be consumed in the second period. We chose this particular structure to
capture the characteristics of automobile market. Given a brand, new cars are gener-
ally identical. Thus, all new units started with the same quality that is normalized to
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one. The primary measurement to determine the relative value of a used car of the
same brand is its usage such as mileage driven. In any given period of time, the
actual mileage accrued is uncertain at the inset of a lease contract to the lessee. This
is why we chose that the quality consumed in the first period is uncertain ex ante. On
the other hand, when a lessee is deciding whether to exercise the option at the lease
end, the residual quality is ex post and hence is treated observable to the lessee. For
simplicity, we assume that each good has a lifetime of two periods. This implies
that any residual quality is completely consumed in the remaining life span of the
used good, i.e., the next period after its lease.

Each subject is only allowed to have at most one unit of the good, new or used.
A positive value is given to the subject at each period if he or she owns a unit. This
value is a function of the quality consumed and a private parameter called the
willingness-to-pay. Each subject had a different willingness-to-pay parameter, which
was chosen to span uniformly over an interval. To focus on issues related to lease
we limit the producer only lease its products, and hence outright selling is left out of
the scope of this study. In each period, a subject had four alternatives: start a new
lease, purchase a unit from the used market, exercise the option to purchase the
leased unit at the end of the term if the subject was a lessee in the preceding period,
or hold no unit. If a subject started a new lease, he would consume a random amount
(the mean and variance of this amount were common knowledge) in the same
period. In the end of the period, he would face the choice of whether to exercise his
option to buy the used unit with the strike price that was specified by the lease
contract. If not, the unit would be returned to the producer and sold in the subse-
quent used-goods market.

The new-good market is modeled as a fixed take-it-or-leave-it lease contract. The
lease term is one period. The lease price and the strike price were common know-
ledge and remained constant throughout each experiment. Since almost all automobile
lessors have been using auction (to dealers, not consumers) as the standard method
to re-market used cars, we have decided to use a round-based ascending bid auction
for the used-good market. All the supply in the used-good market came from returned
off-lease units. Thus, both the size and prices of the market were endogenously
determined. We assume that the residual quality of a good in the used-goods market
is observable in our experiment, and thus we sidestepped the adverse selection
problem that was made notorious by lemons in used-car business between individual
sellers and buyers. The rationale behind our choice is based on the following two
facts. First, the most relevant parts of the used-car market for auto producers are
those related to off-leases or fleet rentals that are relatively new, typically one to two
years old. Second, before the auction process, almost all used-cars are inspected and
the results are well documented and disseminated to any potential buyers; and any
deals that are in dispute can be conveniently settled through arbitrations.

The experimental observations have largely confirmed the qualitative features of
the theory, both at the aggregate and individual levels. Furthermore, the comparative
statics of the experimental market in responding to the change of the strike price are
consistent with that of the theoretical model. On the other hand, the experimental
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results also provide evidence suggesting that there are systematic biases in the theor-
etical model due to the assumptions of perfect rationality and risk aversion.

The remainder of the paper is organized as follows. In section 2, we first re-
capitulate the theoretical model introduced by Huang and Yang (2002), and then
briefly outline how the model is solved. In section 3, we spell out the details of the
experimental design. The experimental results along with comparison with theoret-
ical predictions are presented in section 4. We conclude and point out some future
directions in section 5. The appendix provides some additional results that are relev-
ant for the discussions in the main text.

2. THE THEORETICAL MODEL

The content of this section is extracted from Huang and Yang (2002). All details can
be found in the original paper.

2.1. The Goods and Lease Contract

All the goods have a lifetime of two periods. They are regarded as homogeneous
when they are new. This allows us to normalize the quality measure for the entire
life span of the goods to be 1. Depending on the usage of a good in its first period,
the residual quality of the good in the second period is denoted by δ � (0, 1). Since
the usage of a particular good is uncertain at the onset of the lease contract, δ isδ
treated as stochastic for lessees1 and is assumed to obey an exogenous distribution
with a known density g(δ ).

For convenience, we take this distribution as a lognormal distribution with the
following mean and volatility parameters: µ = −1 and σ = 0.2. We further define
φ(x) = ∫ x

0 g(δ ) dδ and δ Φ(x(( ) = ∫ x
0φ(δ ) dδ. On the other hand, when a used good entersδ

the used-good market, δ is treated as observable for all participants there. We furtherδ
assume that any remaining quality of a used good is completely consumed in the
second period.

The lease contract allows the lessee to use a new good for one period with a lease
price of r. At the lease end, the lessee has the option to either keep the used good
by paying a pre-determined strike price k or returns the used unit to the producerk
without additional obligation.

2.2. Consumer Preference

From the consumers’ point of view, the goods are differentiated vertically. Con-
sumer’s heterogeneity is parameterized by θ, representing the willingness to payθ
for a unit of quality. We assume that the distribution of θ is uniform on [0, 1] andθ
does not change over time. In the context of the experiment, each individual will
have the same θ for the whole experiment. The only uncertainty an individual canθ
encounter is when he leases a new good: he is unsure of the residual quality δ ofδ
the leased good at the lease end.
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Table 1. The utility flow matrix with a state s and an action a for consumer θ:θ Πθ[s, a]

s \ a Lδ (with unknown δ δ ) C (with known δ ′ ) Uδ (with known δ δ )

Lδ′ (1 − δ )θ − r δ ′θ − k δθ − q(δ )

L (1 − δ )θ − r −∞ δθ − q(δ )

The utility flow of an individual at each period is a function of δ and δ θ, as wellθ
as a function of pertinent prices: lease price r, strike price k, and used-good price
q(δ ) for a unit of used good with residual quality δ. To simplify the setting, weδ
assume that the transaction cost for a consumer to sell used goods is prohibitively
high. We further exclude the outright selling of new goods, in order to focus on
studying the optionality embedded in the lease contract. No outright selling also
implies that there is no trade-in. The following table details the assignment of the
relevant utility flows for consumer θ in the case when all new goods are only leased.θ
Since we are dealing with durable goods with transaction cost, the utility flow will
have to be explicitly state dependent.

In the above table, Lδ ′ denotes a state that the consumer leased a new unit in
the last period and has a known residual quality δ ′ entering the current period. L
represents any state that the consumer did not lease a new good in the last period.
Lδ (with unknown δ δ ) depicts the action of leasing a new good in the current
period with a consumed quality of 1 − δ. C (with known δ ′) signifies the action of
exercising the option to keep the used good of residual quality δ′δ that was leased in
the last period. UδUU  (with known δ δ ) is the action of buying a used good with an
observed residual quality δ. The lease price δ r and strike price r k are announced by thek
producer at the beginning of every period, and are kept constant throughout the
experiment.

One can easily recognize that consumers are assumed to be risk neutral in the
theoretical model. While simplifying the mathematical treatment, some of the
detailed quantitative discrepancy between the theory prediction and experimental
observation may be attributed to the risk neutrality assumption.

2.3. Consumer Behavior: Theory

We will only be concerned with the steady limit of the dynamic equilibrium where
player’s reaction function becomes independent of time, and each consumer adopts
a constant consumption pattern (a fixed sequence of strategies).

Concept of Solution: The dynamic aspect of the consumers’ decision-making is
modeled using the solution concept of Markov perfect equilibrium developed by
Maskin and Tirole (1988). Strategies that a consumer can take depend only on the
current state. A general equilibrium is embedded into the game at every period to
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endogenize the used-goods market in a style of Huang, Yang and Anderson (2000).
The used-goods price is determined by the clearance condition for each realizable
residual quality in the used-goods market. Grossing over the microeconomic process
of price formation is again for the technical tractability. Therefore, we should expect
the theory to make sense only on average, and anticipate that experimental results,
which are obtained from explicitly treating the used-goods market as an ascending
auction, are going to deviate from theory predictions at some detailed level. For the
justification of how a competitive price emerges from auction processes, readers are
referred to Wilson (1977) and Milgrom (1981).

Consumers’ Bellman Equation: Given the various prices in the steady limit, con-
sumer θ at stateθ s solves the following Bellman equation

VθVV [s] = max{Eδ [Πθ [s, Lδ ] + ρVθVV [Lδ ]], Πθ [s, C] + ρVθVV [C],
max
δ �∆U

(Πθ [s, Uδ] + ρVθVV [Uδ ])},

where ρ � [0, 1] is the discount factor and ∆U stands for the set of realizableU

residual qualities in the used-goods market. The first term in the curly brackets
corresponds to leasing a new good, the second term corresponds to exercising the
option, and the third term corresponds to buying a used good. That an expectation
with respect to δ appears only when the consumer chooses to lease reflects the factδ
that the residual quality δ is ex ante for new leases and is ex post for actionsδ
associated with used goods.

Consumer segmentation: When the exogenous parameters of the model are appropri-
ately chosen, the above Bellman equation admits a unique solution with the follow-
ing consumer behavior. Consumers are naturally segmented by a pair of division
points θm and θMθ  (with 0 M < θm < θMθ < 1). Low valuation consumers, θ � (0, θm),
choose to stay out of the market. Consumers in (θm, θMθ ) choose to buy used goods.
High valuation consumers, θ � (θMθ , 1), choose to lease new goods or exercising
options according to the reaction function

R
L

C
θ δ

δ ζ θ

δ ζ θ
[ ]  LδL

,    ( )δ ζ θ

,    ( )δ ζ θ
.

⎧
⎨
⎪⎧⎧
⎨⎨
⎩⎪
⎨⎨
⎩⎩

if

if

This threshold rule leads to the following probabilities for consumer θ to be inθ
leasing a new good or continuing to consume the used good by exercising the
option: hL(θ) = 1/ [2 − φ(ζ(ζ θ))] and hC(θ) = [1 + φ(ζ(ζ θ))]/[2 − φ(ζ(ζ θ))]. The values
of the division points are determined from the conditions that consumer θm is
indifferent in staying out of the market or buying a used good with an arbitrarily
low residual quality, and that consumer θMθ  is indifferent in buying the used goodM

with the highest realizable residual quality in the used-goods market δMδ  or leasing aM

new good.



DURABLE GE OODS LS EASELL CE ONTRACTS AND USEDUU -GOODS MS ARKETMM BT EHAVIOR 7

Average Payoff Function: The average payoff function per period (1 − ρ)ρ VθVV  [.] θ ≡
VθVV [.] can be shown to have a finite limit when ρ → 1:

VθVV [I] = 0 for θ � (0, θm);

VθVV [UδUU ] = δθ − q(δ ) for θ � (θm, θMθ );

and

V VθVV δ θ
ζ θ ζ θ φ ζ θ θ φ ζ θ

φ ζ θ
[ ]  [ ] Vδ θVV

))]φ ζ θζ[   ( ( ))  ( ) ( ( ))]   [   ( ( ))]  ζ θ ζ θ φ ζ θ θ φ ζ θζ θ ζ θ φ ζ θ θ φ ζ
  ( ( ))φ ζ θφ ζ

,CV [VθVV
k r 

][VθV
))]ζ θ ζ θ φ ζ θ θ φ ζ θθ ζ θ φ ζ θ θ φ ζ  (ζ θ ζ θ φ ζ θ θθ ζ θ φ ζ θ θ(ζ θ ζ θ φ ζ θ θθ ζ θ φ ζ θ θζ θ φ ζ θ θ

2
θ � (θMθ , 1).

As it is well-known, the ρ → 1 limit is called time-average criterion. We will justify
later why this criterion is the relevant one for the experimental setting.

Option-exercising Threshold: The option exercising threshold is related to the aver-
age payoff function as ζ(ζ θ( ) = (k + VθVV [C ])/θ. In the limit of θ ρ → 1 the threshold
satisfies the simple equation:

r − k = [1 + Φ(ζ(ζ θ)) − 2ζ(ζ θ)]θ.

Used-good Market: The used-goods supply is from off-leases. The price for a used
good with residual quality δ is determined by the clearance condition:δ

θ δ θ θ φ δ ζ θ
φ ζ θ

θ

( )δ θθ δ )})δ ζ θδ ζ
  ( ( ))φ ζ θζ θ

.θθmθθ
M

�
1

2

Supplementing the clearance condition with the equation of marginal substitution

rate θ δ δ
δ

( ) δ ( )δdq

d
and the terminal condition q(0) = 0, the price for a used good

with residual quality δ � (0, δM) can be written as

q d d

M

)})

 ( ( ))
.δ θ δ δ θd dδdd

φ δ ζ θ(min{ , (, (

φ ζ θ( (( (

δ

θ

� �
0

1

2
δ δ

Residual Quality Distribution in Used-goods Market: The residual quality distribu-
tion in the used-goods market is modified from the original residual quality distribu-
tion according to

G( )  
[   ( )]

 ( ( ))   ( ( )) ( ( ))
,δ δ)  θ δ ζ θ[   (  (

( ((ζ θ( (( (
θ

φ ζ θ( (( (
θ θ
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I
d

M Mθ θ
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1 1

1



8 Experimental Business Research Vol. II

where I[·] is the indicator function. The return rate is obtained by integrating over δ,

ω δ δ θ φ ζ θ
ζ θ

θ
φ ζ θ

θ θ
φ ζ

( , ) ( )δ δδ ))φ ζ θφ ζ θ
  ( ( ))   ( ( ))φ ζζ φ ζ θζ

θ
φ ζζ  ( ( ))φ ζ θφ ζ

.dδ δ θδ δ φ ζ θ
ζ

δ δδ ))φ ζ θζ θ

M Mθ θ

δ δδ
( ( ))φ ζ θφ ζ� � ��

0

1 1 1

1δδδδδδδ

Numerical Solution: Some of the equations, such as the clearance condition and
threshold equation, do not appear to be amenable in closed form. However, they can
be easily solved numerically.

3. EXPERIMENTAL DESIGN

The experimental model was implemented in the HP Experimental Economics Soft-
ware. Every experiment has around twenty five subjects each playing the role of a
consumer who procures a durable good that lives for two periods. Each person is
limited to process at most one unit of good in any given period. Instructions for the
experiments were posted on the web. Each subject had to pass a web-based quiz
before he was allowed to participate. The instructions and the accompanying quiz
are available at: http://www.hpl.hp.com/econexperiment/lease/instructions.htm

3.1. Preference

Preferences were induced according to the vertical differentiation model described
above.

The homogeneity of the new goods means that we can normalize the quality
measure for the entire life span to be 1. The residual quality for a used unit is
denoted by δ � (0, 1). This parameter divides the whole quality into new and used.
δ is drawn from a known distribution.δ

Consumer’s heterogeneity is parameterized by θ � [0, 1], which represents the
willingness to pay for a unit of quality. The theoretical analysis assumes that θ isθ
drawn from a uniform distribution and that θ does not change over time. The experi-θ
mental design deviates slightly from these assumptions. We chose θs to span over
the [0, 1] interval in the following manner. Consider an experiment with N subjects.
The interval [0, 1] was divided into N equal intervals: [0, 1/N N], (1/N, 2/NN N], . . .
((N − 1)/N,NN N]. Each of these “mini” intervals was then assigned to a different
subject. Each subject’s θ was drawn randomly from his “mini” interval. This designθ
ensured we would observe θs to span uniformly over the [0, 1] interval.

Each subject was allowed to switch θ once in each experiment. This was doneθ
usually on period 13. If a subject drew his first θ from the interval (θ m/ N, (NN m + 1)/+ N],
his second θ would be drawn from the interval ((θ N − m − 1)/N, (NN N − m)/N]. Thus,
if a subject had a very low first θ, his secondθ θ would be guaranteed to be high. Thisθ
was done to address fairness concerns.

Furthermore, each subject was given $1 for each period he completed since only
a subset of the subjects were expected to make money.
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3.2. Decisions

In each period, an individual has the following choices of action: 1) hold no unit; 2)
lease a new unit; 3) purchase the leased unit with the strike price k if at a lease-end;k
and 4) buy a used unit from auctions held by the producer.

New units were leased from an exogenous source, referred to as the producer in
the experiment. The lease price and the strike price were announced to the subjects
in the beginning of each period and they understood that these prices were common
knowledge. In all the experiments, both the least price and lease-end strike price
stayed the same throughout the experiment. The lease price was paid at the onset
of the lease contract and entitles the lessee to use a new good for one period. At
the beginning of the 2nd period of the life of the leased good, the individual has
two alternatives. He could purchase this unit at the strike price or he could decide
to return the unit to the producer. The residual quality is unknown at the time of
signing the lease contract and becomes known at the time of deciding whether to
exercise the option. If a unit was returned to the producer, it would be sold in an
auction in the following period.

Simultaneous round-based ascending bid auction was chosen as the auction mecha-
nism. This is similar to the actual used car auctions that most of the auto producers
are conducting, except that in our case the units are directly sold to the consumers
while large scale used-car auctions are only open to dealers. Since auction was also
well studied in the literature (Kagel et al. 1995), this choice also enables us to
interpret our results in the context of past experiments if the need arises. Residual
qualities were announced before each unit was auctioned. Furthermore, subjects
did not have to decide on a new lease or exercising of an option until the end of
the auction.

3.3. Treatments

The key issue of importance to the producer’s used-car remarketing business is how
the endogenous used-car market reacts to changes in the lease contracts. In par-
ticular, the producer is interested in the effect of the lease-end strike price. Two
treatments were used in the experiments, one with a strike price equal to k = 0.08
and the other with a strike price of k = 0.16.

4. RESULTS

4.1. Overview

As outlined in the Introduction, there are dual motivations for carrying out the
experimental study. The first is to check whether the economic assumptions adopted
by the theoretical model, such as perfect rationality and risk neutrality, are plausible.
The second is to gauge the robustness of the theoretical predictions on the price
formation mechanisms in the used-good market given that not all the assumptions of
the model would hold true when real human beings are involved. Due to its lack of
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Table 2. Summary of the four experiments

Experiment Number of Number of Lease Strike Number of Number of
subjects periods price price new leases auction units

1 25 25 300 80 209 54

2 28 24 300 160 158 85

3 28 23 300 160 174 122

4 23 21 300 160 151 95

an explicit modeling of the microeconomic process in the used-good market, we can
only hope that the theoretical model makes quantitative sense on average at best. In
addition, the number of subjects is about 25 for each experiment, which may not
appear to be small from the first sight. However, taking into account the consumer’s
heterogeneity and the complexity of possible consumption decisions that can endo-
genously emerge; we still expect substantial finite-sample fluctuations. Therefore,
when contrasting the experimental results with their theoretical counterparts, we will
mostly concentrate on qualitative and comparative static aspects.

For the sake of convenience, all valuations and prices in the experiment are
rescaled by a factor of 1000, so that subjects can submit bids that are integers. A
total of 4 experiments were conducted. The following table provides an overview of
all the experiments.

Ideally, more experiments would be conducted. However, business constraints
only allowed for 4 experiments in this study. Despite the small number, experi-
mental results seem to be robust with respect to some qualitative features of the
model.

Two issues arose in the course of this work that resulted in the choice of para-
meters (three experiments with strike price of 160). The first issue is sampling
effects. Typical experiments at HP Labs use Stanford students who already had prior
experience through participating in other earlier experimental economics projects.
Around the same time when Experiment 2 was conducted, HP had expanded its
scope of subject recruitment to a local city college, mainly due to the need of a
completely different project. As a result, some students from the local city college
were conveniently recruited for Experiment 2. These students from the local city
college never had any prior experience. Unfortunately, this fact was overlooked
during the process of training subjects to become proficient in decision-making in
the context of this experiment. As a consequence, significant portion of the sub-
jects earned substantially less than predicted, whereas this was not true for the rest
of the subjects in the same experiment or in other experiments (see Appendix).
These subjects had a strong inclination to participate and to win auctions even when
their best option was to choose other strategies.
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A second issue was a good illustration of how the detail in market institution
design matters. The rule of the game in the first three experiments was that a player
could choose either to bid in an auction or to start a new lease but not both. Inr
effect, at the last round of auction, a player has to choose between bidding, which
could result in no win, and start a new lease. Consequently, some high valuation
consumers, who decided to participate in the auction process but were not able to
win the bid in the final round, were deprived of the chance to lease new goods.
Obviously, the theory has no bearing on this issue since it is based on a market
clearing and does not specify an explicit mechanism of how the clearance is achieved.
This issue turns out to be not severe for Experiment 1, because the size of the used-
good market is small, but it is quite noticeable in Experiments 2 and 3.

These two issues compounded together resulted in fewer new leases in Experi-
ments 2 and 3, in which some of the high valuation subjects achieving very low
payoffs. This prompted us to change the game rule in Experiment 4 from “either
to bid or to lease new” to that a subject can always have a chance to lease new if
he loses in the auction. We believe that the latter rule is closer to reality. Thus, we
conducted 3 experiments using k = 160 with slightly different market rules and
different samples of subjects. Ideally, we would conduct more experiments to con-
trast the effects of these issues. However, the rigorous time table of a business
related project did not allow us to do that. Furthermore, while this is not standard
experimental methodology, we do not believe these variations substantially altered
our conclusions.

Before we present the details, it is important to emphasize that there are no free
parameters in the theoretical predictions when they are compared with their cor-
responding experimental counterparts, once the exogenous parameters, such as the
distributions of consumer’s heterogeneity and residual qualities, are chosen to be the
same. However, finite sampling sizes in the experiment can introduce systematic
bias to these distributions. To partially alleviate this kind of bias, especially for the
distribution of residual qualities, the theoretical predictions are calculated based on
the values of parameters computed directly using the finite samples realized in the
experiments. Due to our way of sampling θ, finite sampling effect for consumerθ
heterogeneity is less of a problem. Finally, we fix the value of the only behavior
parameter in the theory as ρ → 1, or according to the time-average criterion. This
choice can be justified by the fact that subjects’ monetary rewards are mostly based
on their cumulative performance in more than 20 periods. Thus, the experimental
setting is such that subjects are motivated to maximize their average payoff per
period.

4.2. Aggregate Level Comparison

Among the aggregate variables that we examine are the following: 1) new-lease
probability per period per consumer, which serves as a measure for the demand of
new goods; 2) return rate, which measures how likely a lessee exercises the embedded
option in the lease contract; 3) average used-good price, which is endogenously
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Table 3. Theoretical predictions with the intended parameters of the residual quality
distribution: µ = −1 and σ = 0.2

Theory New-lease prob. Return rate Average Aggregate Producer
per period per per lease used-good surplus per revenue per

consumer price period per period per
consumer consumer

k = 80 0.34 0.53 105 104 135

k = 160 0.33 0.89 126 96 144

determined; 4) aggregate surplus per period, which measures how consumers as a
whole benefit from participating in the market; and 5) producer revenue per period,
whose sources of contribution include new-leases, exercised options and resale of
used goods. Variables normalized by the number of periods and/or number of
subjects will enable us to combine results obtained from different experiments
of the same setting, and to compare results from different experimental settings in a
meaningful manner.

In order to have an appreciation of how finite sampling correction affects the
theoretical prediction, we first list these predictions with the originally chosen
parameters for the residual quality distribution µ = −1 and σ = 0.2 in Table 3.
Typically, the finite sampling implies about 5% corrections to the mean and 10%
corrections to the volatility. As we will see shortly, all aggregate variables, except
return rate, are not very sensitive to the finite sampling correction.

Table 4 lists the results of Experiments 1 to 4, along with the corresponding
theoretical predictions corrected by the finite-sampling effect. Since Experiments
2, 3 and 4 share the same k = 160, we first average the aggregate results from these
three experiments and then compare the average to the theory. The differences
between these three experiments also serve as a crude measure of behavior fluctuations
from rather small sample sizes of subjects. Given the fact that there is no fitting pro-
cess involved in the comparison, the level of the agreement between experimental
results and theoretical predictions in Table 4 is quite remarkable. Quantitatively, the
worst case is the return rate, in which the experimental values are systematically
lower than that of the theory by about 30%. One way to interpret this systematic
difference is risk aversion. The only uncertainty in this model is the consumption in
the first period of a new lease, represented by an unknown residual quality that is
only realized at the lease-end. Thus, risk averse agents may be inclined to keep the
leased unit, whose value is known at the time of exercising the option, instead of
starting another new lease. Consequently, return rate will be lower than the theory
that assumes risk neutral consumers. Another possible way to interpret the systematic
discrepancy may be traced to ownership effects. However, to settle the true cause,
additional theoretical modeling and experimental investigation are needed.
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Table 4. Experimental results and theoretical predictions with the finite-sample parameters
of the residual quality distribution realized in each experiment

Experiment New-lease prob. Return rate Average Aggregate ProducerNew-lease prob. Return rate Average Aggregate
per period per per lease used-good surplus per surplus perper lease used-good surplus per

consumer price period per period perprice period per
consumer consumer

1 (k = 80) 0.33 0.26 115 94 1300.26 115 94

Theory2 0.33 0.37 113 101 1300.37 113 101

2 (k = 160) 0.24 0.54 147 52 1070.24 0.54 147 52

3 (k = 160) 0.27 0.70 122 70 1170.27 0.70 122 70

4 (k = 160) 0.31 0.63 90 88 1300.31 0.63 90 88

Average (2, 3, 4)
(k = 160) 0.27 0.62 120 70 1180.62 120 70

Theory3 0.32 0.80 132 91 1420.80 132 91

A primary policy question that a producer is interested in is how the market
would respond to a change in the strike price. The theory predicts that an increase in
the strike price from k = 80 to k = 160 at a fixed lease price will lead to a slight
decrease in total lease volume, a substantial increase in the return rate, an increase in
average used-good price, a reduced aggregate surplus for consumers, and an increase
in producer revenue. All these directional changes are confirmed in Table 4, with the
exception of producer revenue, which went the opposite way of the theoretical
prediction. We attribute this deviation to the fact that there are too few new leases
in Experiments 2 and 3, caused by issues of market rules and subject sampling
mentioned earlier. It is worth noting that the theory predicted a substantial change
only in the return rate while all other changes are more moderate. Experimental
results confirmed this substantial change in the return rate.

We chose not to report standard deviation statistics. Since the game is dynamic
in nature, data across periods were not independent. Thus, calculating standard
deviations, or any other variance estimates, across periods would not be useful.
Furthermore, variations in subject behavior were mostly driven by their differ-
ent willingness-to-pay parameter θ. Therefore, reporting variance estimates acrossθ
individuals would not truly reveal heterogeneous individual characteristics such as
risk aversion. However, most of the comparative static holds true between any of
Experiment 2, 3, or 4 (with k = 160) and Experiment 1 (with k = 80). Thus, we have
some confidence that the comparison is valid.
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4.3. Detailed Level Comparison

We now examine how the experimental results and theoretical predictions compare
at a detailed level. In particular, we are interested in seeing how patterns of con-
sumer behavior emerge as a function of willingness-to-pay. We are also interested in
seeing how used-good prices change with variations of residual quality. For the sake
of space limitation, we will only use the results for Experiment 1 as illustrating
examples. In most of the cases, the results of Experiment 1 are quite typical. Due to
the fact that the used-good market is treated tersely in the theory, we expect that
the theory will fare less well at a detailed level than at an aggregate level.

In the following we treat the same subjects with a different θ essentially as aθ
different consumer. If all the data were used, each subject would yield two points.
Thus, we observe a total of twice as many consumers as the number of subjects
in each experiment. It can be argued that the data in the first two periods with
freshly assigned θ values should be thrown away because of start-game effects.θ
However, we found that the conclusions are not dependent on whether we exercise
this option.

4.3.1. Average Payoff and Used-good Price
Figure 1 shows average payoff per period as a function of consumer heterogeneity θ.
In the left panel of the figure, the theoretical payoff curve tracks very closely the
experimental payoffs. The right panel of the figure indicates that the observed used-
good prices are clustered around the theoretical prediction. The trend that higher
residual quality implies a higher used-good price is reproduced, though with large
fluctuations. There is a small number of observations whose residual qualities are
higher than the point where the theory curve ends. This signals a slight behavior
deviation from the theory, which predicts that there is an upper limit in residual
qualities in the used-good market due to the presence of the option. Nevertheless,
Figure 1 allows us to conclude safely the following results.
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Figure 1. Average payoff as a function of consumer heterogeneity (left panel) and
used-good price as a function of residual quality (right panel). Curves are theoretical
predictions and diamond points are experimental observations in Experiment 1.
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Result 1: Observed payoffs are consistent with the theory.p y y

Result 2: Observed used-good prices are consistent with the theory.g p y

4.3.2. Behavioral Segmentation
The theoretical model predicts that subjects would be segmented endogenously into
three classes of behavior. Lower valuation consumers θ � (0, θm) are priced out of
the market. Medium valuation consumers in θ � (θm, θMθ ) participate in the used-
good market. High valuation consumers θ � (θMθ , 1) lease new goods and occasion-
ally exercise the option embedded in the lease contract at lease-end.

Behavior segmentation can be captured in two measures: new-lease probability
and auction-winning probability. Figure 2 shows these probabilities as functions of
θ. In Experiment 1, the theory predictsθ θm = 0.33 and θMθ = 0.47, respectively. As one
can see from Figure 2, both new-lease probabilities and auction winning probabil-
ities are quite low when θ < 0.3. This supports the conclusion that on average, low
valuation consumers are priced out of the market. New lease probabilities begin to
rise at around θ = 0.4 and become quite close to the theoretical curve from around
θ = 0.5 onward. On the other hand, though still roughly concentrating at around
the right region, auction-winning probabilities are much more spread than the
theory’s prediction. From time to time, consumers who would be theoretically the
pure used-good buyers also enter the new-lease market, and consumers who would
be theoretically pure lessees venture into the used market. One interpretation is that
the fundamental economics forces were operating correctly. However, the perfect
rationality assumption in the theory is obviously violated, leading to the smearing
in consumer segmentation.

Interestingly, the smeared behavior does not cause a substantial payoff gap,
as can be inferred from the left panel in Figure 1. This implies that the economic
incentive that is responsible for the sharp segmentation in theory is not very strong
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Figure 2. New-lease probability (left panel) and auction winning probability (right panel)
as functions of consumer’s heterogeneity. Lines are theoretical predictions and diamond
points are experimental observations in Experiment 1.
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for those consumers whose willingness-to-pays are in the middle, and occasional
“mistakes” are gracefully tolerated. In addition, Figure 2 also provides evidence on
why several subjects have their payoffs much lower than the theoretical curve. For
example, consumers whose θ values lie between 0.8 and 0.9 should have leasedθ
more new goods rather than participated in auctions. Nevertheless, the following
conclusion can be drawn.

Result 3: Strong but Imperfect Patterns of Behavioral Segmentation.g p g

4.3.3. Cherry Picking
Theoretically, units with a higher residual quality have a higher chance of being
purchased by the consumer exercising his lease-end option. Thus, the units returned
to the producer would have a distribution skewed towards the low-end compared to
the original distribution of residual qualities. This kind of cherry picking phenomenon
is also observed in the experiment. Figure 3 shows the distribution of residual
qualities for all the units and the distribution for those units that were returned to
the producer and subsequently entered the used-good market. Notice that not all
high residual quality units were returned to the producer as predicted.

Furthermore, Kolmogorov-Smirnov Tests (Table 5) show that, in three out of
four experiments, the distribution of residual qualities of the returned units is con-
sistent with model predictions. Experimental evidence not only confirms the cherry
picking phenomenon in a qualitative fashion, but also suggests that the theory is
sound quantitatively despite all the handicapping factors mentioned before.

Result 4: Cherry Picking Observed and Consistent with Theory.y g y
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Figure 3. Distributions of residual qualities for all used units (left panel) and for those
that enter the used-good market (right panel). Bars are experimental observations in
Experiment 1, and curves are theoretical predictions, which are normalized to have
the same masses as in the experiment.
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Table 5. Kolmogorov-Smirnov Test to see if residual qualities of the returned units were
consistent with the theoretical distributions

Experiment Observations K-S Statistics P-Value

1 54 0.177 0.97

2 85 0.092 0.78*

3 122 0.069 0.70*

4 95 0.057 0.48*

* cannot reject the null hypothesis at 95% confidence that observed residual qualities obey
the distribution specified by the theoretical model.

5. CONCLUSION

A sequence of experiments was conducted at Hewlett-Packard Labs, in collaboration
with Ford Research Lab, to study consumer behavior in a durable goods market
where leasing is prevalent. The experiments have mostly confirmed aggregate pre-
dictions of the theory and validated several qualitative features of the theoretical
model. We observed subjects segmenting themselves into classes of behavior based
on their willingness-to-pay parameters. Subjects at the low end of willingness-to-pay
were priced out of both the used- and the new-goods markets. Subjects at the high
end leased with increasing frequencies. They sometimes exercised their options
depending on the realization of the residual quality and the potential value achiev-
able at the used-goods market. The last segment of the subjects lived in the middle
and primarily participated in the used-goods market. The sizes of these three groups
were qualitatively consistent with the theoretical model. Furthermore, when we
increased the strike price in a different treatment, the experimental market mostly
responded in the direction predicted by the model. This result is robust even with
small variations of market rules and sampling of subjects. Given the fact that the
theoretical model has largely grossed over issues of market rules in the used-
good market, the near agreement between the theory and experiment is highly
non-trivial.

On the other hand, in all the experiments, the subjects with high valuation
are more likely to exercise the option relative to the theoretical prediction. There
are multiple possible explanations. One such possibility is risk aversion that is
not addressed by the theoretical model. With risk aversion, a leasing subject has
the tendency to keep the used unit that entails no uncertainty relative to lease a
new good that has an unknown consumption in the first period. Other explana-
tions such as ownership effects may also account for the discrepancy between
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theory and experimental results. More evidence is needed to pinpoint the correct
explanation.

The effect of learning in the experiment appears to manifest mostly in whether
subjects are used to the economic context of the experiment. Once subjects familiar-
ize themselves with the decision-making process, there is no obviously discernable
effect associated with progressive stages of the experiment. However, due to the
complex setting of the experiment, less experienced subjects, as exemplified in
Experiment 2, took a long time to figure out what they ought to behave and hence
earned significantly less payoffs comparing to more experienced subjects.

There are several directions that can be viewed as natural extensions of the
current work. To settle whether the aforementioned systematic bias in return rate is
caused by risk aversion or something else can be pursued by extending the theory to
include risk aversion and conducting additional experiments that are specifically
designed for this purpose. Another interesting direction is to treat the residual quality
being only partially observable, which in turn will allow the possibility of studying
the interplay between optionality and adverse selection. Investigations of lease con-
tracts with more sophisticated options and under oligopoly market structure are other
topics for future exploration. In addition, it is important to realize that the setting of
the current experiment is not very far from many realistic business environments.
Adapting the experiment described in this paper to field studies has the potential to
provide useful business insights. Finally, work has already begun to use a modified
version of this experiment to examine business strategies in other aspects of the
automotive market.

NOTES

1 If the residual quality were known to the lessee at the signing of the lease contract, there would have
been no risk factor in each consumer’s decision-making process, at least theoretically. This, in turn,
would have made the option embedded in the lease contract meaningless.

2 The finite-sample parameters of the residual quality distribution realized in Experiment 1 are µ = −0.95
and σ = 0.18.

3 The finite-sample parameters of the residual quality distribution realized in Experiments 2, 3 and 4 are
µ = −0.96 and σ = 0.22.
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APPENDIX: PAYOFF CURVES

The following figures show payoffs of all four experiments. Each point represents
the average payoff of a subject under the same willingness-to-pay parameter. It is
interesting to note that earnings for all subjects in Experiments 1 and 4 and for
most subjects in the other two experiments are very close to the predicted values.
As pointed out in section 4, some subjects in Experiments 2 and 3 were earning
substantially less money.
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Figure 4. Average payoff as a function of consumer heterogeneity in all four experiments.
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Chapter 2

TOWARDS A HYBRID MODEL OF
MICROECONOMIC AND FINANCIAL PRICE
ADJUSTMENT PROCESSES: THE CASE OF A
MARKET WITH CONTINUOUSLY REFRESHED
SUPPLY AND DEMAND

Paul J Brewer
Hong Kong University of Science and Technology

Abstract

Microeconomics and financial economics provide alternative models of market
dynamics. A long history of laboratory results shows that market prices in the
laboratory converge towards the static predictions of microeconomic theory with
a resulting classical efficiency of allocation. Yet, the informational efficiency
of market prices, often treated as a starting axiom for financial market theory,
requires instead that current prices represent fair gambles over an unknown distri-
bution of future prices: financial price processes are idealized as random walks with
independent increments perhaps modified by some notion of heteroskedasticity
such as stochastic volatility. Unlike prices following a Marshallian path, random
walks do not generally converge towards an equilibrium price. The conflict between
these two views of market processes is explored and a model that is a hybrid
of the microeconomic and financial approaches is constructed and compared
against data from laboratory markets involving continuously refreshed supply and
demand.

1. INTRODUCTION

This chapter is a very rough first attempt to integrate some ideas from across
microeconomics and finance about the price dynamics of competitive markets.
The research is from the point of view of an experimental economist interested in
laboratory market equilibration, not from the point of view of general asset pricing
or finance in general. The goal is not to resolve all the questions one might have
about the nature of price dynamics, convergence or the differing approaches or
assumptions that may be involved across various fields.

© 2005 Springer. Printed in the Netherlands. 
A. Rapoport and R. d Zwick (e(( ds.), Experimental Business Research, Vol. II, 21–45.
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Instead, the goal is more modest, to put forward the notion that the noisy equili-
bration of a fairly simple single market is still a subject worthy of study. There are
no “states of the world” in the sense of classical finance and, correspondingly, no
laboratory bets on securities whose values are based on coin tosses or dice rolls.
Instead, there is a pair of markets, a private market and a public market. Buyers and
sellers receive private, seemingly random opportunities to buy or sell a good from
the “experimenter” in their private market and are able to trade with each other in
the public market. Subjects are not told anything about the distribution of these
opportunities. The supply and demand curves representing the aggregate of these
private market opportunities are held stationary and the experimenter observes the
time series of voluntary trading prices in the public market.

Since the market participants do not know ex-ante what the public market price
should be, there is a kind of endogenous heterogeneity and complexity of beliefs and
knowledge about market conditions more typical to the experimental economics
literature than the classical finance literature. It is the general success of experi-
mental economics in providing a means of studying this peculiar kind of complexity
that is hoped to make such a laboratory approach worthwhile.

Although a broad view of some of the problems one encounters in merging
ideas from different fields is important, ultimately the research reported here is much
more narrowly focused upon a particular data set and a particular form of time-
series analysis. One can then attempt to ask questions about the adequacy of simple,
stationary models: Can price equilibration be described by a simple mathematical
equation with fixed parameters or is a model with two or more regimes more appro-
priate? Does something happen when markets equilibrate that we can detect in the
time-series properties of the data? The data reported here is an attempt to get at these
questions, among others. The research is not expected to answer many questions at
this stage, but instead it is an attempt to stimulate new questions and to begin a long
process of obtaining answers made possible through the continued work of future
researchers.

The remainder of this section will provide an overview of some literature, but
does not pretend to be a guide to this subject for newcomers nor can it even hope
to even briefly credit all those whose research formed the present understanding of
markets. The introduction concludes with a brief road map organizing the research
to be presented.

Early laboratory studies into market behavior, beginning with Smith (1962),
were not designed merely to confirm or demonstrate known principles of economics.
Early experimental environments by design violated three common assumptions
once thought appropriate for the applicability of competitive models: (i) perfect
information was violated as student subjects typically knew only their own costs and
values when trading, not the costs or values of others, the aggregate supply and
demand, or the distributions from which costs and values were drawn; (ii) continuity
was violated at the unit level and the agent level because the units traded in the
market are indivisible and because agents were not trading small quantities relative
to the aggregate market; (iii) perfect rationality was probably violated because the
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student subjects often had no previous exposure to trading and therefore could not be
expected to trade as well as the perfectly rational homo economicus, and possibly
not even as well as a businessman or professional trader.

High efficiencies of allocation and convergence of observed prices and traded
quantities to the predictions of competitive theory nevertheless occurred in early
laboratory markets. A critic who only saw the experiments as a misconstruction relat-
ive to the requirements of existing theories, inadequately “simulating” a larger market,
or relying “too much” on data from students instead of experienced businessmen or
professional traders would potentially miss an interesting result regarding the robust-
ness of competitive processes. These early laboratory markets were real markets.
The results showed that the details of trading institutions matter: the prices in the
markets of Chamberlin (1948) did not converge nearly as well as Smith (1962)
because Smith included specific kinds of trading structure – the publicly observable
bids and asks recorded on a blackboard and the improvement requirement (bids go
up, asks come down until a trade occurs) inherent to double auction rules – while
Chamberlin’s completely unstructured approach left traders on their own to decide
what to do as they walked around and searched out trades with others in the room.
Charles Plott and a number of other researchers duplicated Smith’s early laboratory
results, going on to laboratory investigations involving multiple markets, trans-
formation and production, and other complex scenarios.

The broad pattern of these results demonstrated that markets could function
fairly well – given the proper structure and a bit of learning by repetition – with
lumpy goods and only a few inexperienced traders in a variety of situations and
applications. Plott (2000) has argued that laboratory research on market processes
and equilibration can support a modernization of Hayek’s view of the market. Hayek
(1945) viewed markets as human institutions providing a means of imperfect, but
self-correcting, coordination and solution to a demand/supply problem without
having to convey all the information about market conditions to a single mind.
Previous laboratory studies reveal market equilibration likened to a rational but
almost mechanical process, possibly unrecognized by the market participants,
attempting to find the solution of an equation balancing supply and demand. Even
though no one (except the experimenters) knows the equations or has full knowledge
of the parameter values needed to solve the equations, the rationality inherent in
profit-seeking behavior would drive the process to equilibrium.

In contrast, the framework Gode and Sunder (1993) developed as an alternative
explanation for market equilibration by way of their Zero Intelligence (ZI) robot
algorithm demonstrated a strong potential for a mechanical, non-rational converg-
ence processes based only on budget constraints and not on profit maximization.
The ZI robot framework is still a popular environment for beginning a study of
more complex phenomena (see Farmer, Patelli and Zovko (2004) for a recent
example or Duffy (2004) for a review). Prices in markets populated by the ZI robots
appear to converge towards competitive equilibria and exhibit negative autocorrela-
tion of price changes. Cason and Friedman (1996) find negative autocorrelations
of price changes in laboratory markets populated by inexperienced human traders,
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with the autocorrelations moving towards zero and positive autocorrelation with
more experienced subject pools. Both studies also show that large surplus trades
would occur earlier in the market, with convergence being driven by the fact that
this leaves the price-constrained low surplus trades to occur later in the market
period.

While laboratory microeconomics has developed a body of empirical regularities
surrounding imperfect – but functional – markets, standard financial theory generally
begins with a set of axiomatically defined perfect markets and derives further prop-
erties under various conditions in an uncertain world using mathematical probability
theory. Take, for example, the case of a popular and regularly traded stock on the
NYSE or NASDAQ. Analysts follow the business closely. Therefore, at least among
the major market participants setting prices, one might assume perfect information
or at least homogeneous information. Millions of shares are traded, so continuity is
virtually satisfied. The major market participants are generally expert traders, and so
should be acting rationally. If one assumes that all known information has been fully
processed by a perfect market, the prediction of finance in the short term is amaz-
ingly simple: the share price should represent a fair gamble based on the probability
distribution of possible share prices in the near future.

Over time, prices should exhibit the properties of a Martingale process, such as
zero autocorrelation of price changes. Field tests on financial market data yield
various non-zero results.1 However, a careful theorist can still argue that the Martin-
gale property is an ex-ante property related to historical expectations about future
prices and therefore impossible to test ex-post based solely on observed prices alonet
without some additional assumptions – see for instance, Bossaerts (2002; pp. 42–
43). Without certain simplifying assumptions, one would would instead need to be
able to somehow record what the “market was thinking” about future prices, and test
whether the price at each moment in time equaled this expectation as beliefs evolve.

Of course, this ex-ante kind of Martingale theory is much more difficult to
falsify, and also causes the fine details of beliefs to become important. Are beliefs
actually homogeneous so that all market participants have the same expectations or
is this merely a convenient approximation? If beliefs are homogeneous, are they
correct or at least unbiased? Does it matter if homogeneous, correct beliefs do not
initially exist but do form over time as the market converges? Or do the correct
beliefs exist because the market participants exist in a world of stationary probab-
ilities where the frequency of various kinds of events, and their effects on prices, are
well known? Without evoking criticism of any microeconomic or financial theory
and shying away for now from the technical details that make the approaches of
microeconomics and finance to equilibration so different, it is interesting to note that
the Hayekian view of market equilibration as a process of solving for prices without
conveying all the necessary information to a single mind is in such stark contrast to
the view of more widely studied theories in finance that assume that all market
participants are indeed of a single mind in the sense of holding identical, correct
beliefs. These questions are already well known but are tricky and quite technical to
deal with, and are beyond the immediate scope of this work.
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Several earlier laboratory experimental approaches to financial economics are
reviewed by Sunder (1995). Information aggregation from insiders to the general
market and belief formation were common areas for exploration. More recently,
Bossaerts (2002) reviews many theoretical issues in finance and discusses laboratory
experiments structured specifically to test asset-pricing models in a multi-asset risky
environment. Bossaerts (2002; p. 129) notes that laboratory markets converge slowly,
and this slow convergence in prices may require models with adjustments or biases
of “market” beliefs away from the perfect beliefs assumed by the efficient market
hypothesis.

Most previous work in finance-based laboratory experiments, including the work
cited above, required experiments with many markets and many uncertain states of
the world in order to fit the mold of the financial models. Instead, the research to be
reported here focuses on equilibration of a single market. The connection to finance
is in the efficient market hypothesis and its implication for Martingale or random
walks in prices.

Irregardless of whether changes in financial market prices are due to random
shocks to the profitability of an underlying business or random noise traders, if there
is a pattern to the price changes then there is a potential for profit that should not
exist in a perfect market. The Martingale or random walk hypothesis can be thought
of as an axiomatic description of perfect market prices without reference to an
underlying firm or asset or any specific requirement limiting the scope to only
financial markets.

Does the notion of price as a Martingale process apply to laboratory markets? If
prices do not follow a Martingale or random walk, is the notion of a random walk
still useful somehow? Can the random walk somehow be reconciled with the notion
of an imperfect market that is attaining competitive equilibrium over time? The
answer to the first question will be no, both on principle and empirically prices in
laboratory markets clearly do not follow a Martingale process. But the initial answer
to the latter two questions will surprisingly be yes.

The process of reaching this result is as follows: Section 2 describes the Continu-
ously Refreshed Supply and Demand (CRSD) Environment that is used to generate
long data sets and disrupt the means by which ZI robot populated markets converge
to equilibrium. Human-populated CRSD markets still appear to converge towards
an equilibrium price, so something more is happening with the humans that do not
happen with the ZI robots. Section 3 identifies the microeconomic and financial
approaches to market convergence. Section 4 compares and contrasts these two
approaches and identifies some issues that would appear to prevent the financial
model from describing the behavior of laboratory markets. Section 5 shows how to
use the random walk to design a new kind of trading robot that captures some of, but
not all of, the dynamics of the human-populated market in the CRSD environment.
Markets populated by the random walk robots show price dynamics that can be
described fairly well as an AR(1) process. However, markets populated by humans
also show a kind of outlier-correction whereby prices deviate from the convergence
path and then pop back up to near the previous price. Outliers and corrections can be
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modeled as a type of MA process so that the joint process becomes an ARMA
process. Section 6 analyzes ARMA models of the price convergence of human-
populated markets and summarizes the findings. Section 7 discusses conclusions.

2. THE CONTINUOUSLY REFRESHED SUPPLY AND DEMAND
ENVIRONMENT

Figure 1 shows a set of instantaneous supply and demand curves that are held
constant in the continuously refreshed supply and demand (CRSD) experimental
study of Brewer, Huang, Nelson and Plott (2002). The environment is implemented
by means of a set of java-based programs accessed from a standard web browser
such as Microsoft Internet Explorer. Human traders sitting at a web browser see
their screen divided into a public market, for trading within the group, and a private
market, which displays a set of private trading opportunities (production costs or
redemption values for a single unit of good) available only to that subject. Sub-
jects complete trades and make money by arbitraging their private market prices
available from the experimenter against the public market prices available from
interaction with other experimental subjects. For example, if a subject can buy a
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unit in the public market for $50 and sell it in the private market for $70, they will
earn a profit of $70 − $50 = $20. Net profits are paid in cash at the end of the
experiment.

The costs and values in Figure 1 are distributed among the subjects via the
private markets visible on their individual trading screens and are recycled among
the subjects as trade occurs. The details of this recycling will be explained below.
The experimenter is not primarily concerned with this private market recycling, but
instead the focus is on observing the trading between the humans in the public
market.

Continuously refreshed supply and demand is a technique for recycling the
costs and redemption values in a double auction experiment. In contrast to stand-
ard double auction experiments where gains from trading are finite and naturally
exhausted as the trading period progresses (see, for instance, the classical experi-
ments described by Smith (1962) or Plott (1982)), in the CRSD environment there
is no natural end to trading.

Brewer, et al. (2002) describe the particulars of the CRSD environment as
follows:

“. . . if buyer #3 used a private market offer (a redemption value) from the
experimenter, this same offer would immediately be made to the next buyert
(e.g., buyer #4). Similarly, offers to sell (costs) were recycled to the next seller.
Subjects had no knowledge at all about this refreshing. Subjects knew only that
new orders could appear in their private markets at any time.

Refreshing the private offers in this way keeps the instantaneous supply and
demand curves constant at every moment in time. If an offer is used or expires,
it does not vanish from the pool of supply and demand. Instead, it is recycled to
someone else. Thus, the opportunities of gains from trade are never exhausted.
The market demand and supply functions as represented by redemption values
and costs are always constant – independent of the patterns of trade.”

Figure 2 shows the data set of public market trading prices produced from 21/1 2

hours of trading in the environment of Figure 1. The data shown here has been
‘sanitized’ by removing possible outliers or errors – trades with large price move-
ments – and will serve as the primary data source for this paper.

There are three primary benefits of the CRSD environment over other sources of
data: (i) CRSD can produce long time series (there are 793 trades in the sample we
will use vs. ∼20 in the typical double auction period) useful when examining time
series properties as the accuracy of some of the related estimators scales only as
1/ N ; (ii) because of the nature of the refreshing, the instantaneous supply and
demand is held stationary; one does not have to consider the possibility of an equili-
brium price that is changing as traders exit the market; (iii) stationary instantaneous
supply and demand can be useful in separating models of market behavior and
convergence. Certain price convergence processes – such as Marshallian path pro-
cesses and noisy analogs like the Gode and Sunder (1993) ZI Robots – that operate
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in the ordinary double auction can not operate in the CRSD environment and therefore
can not be an explanation for why human-populated CRSD markets are observed to
converge to an equilibrium price.

3. STANDARD MODELS

Currently, fundamental models of market processes differ somewhat in both form
and function between the fields of microeconomics and finance. The purpose of this
section is to illustrate these basic models – much of which may be quite familiar to
some readers. Section 4 will then consider how these models overlap in ways that
might be compatible or incompatible.

3.1. The Microeconomics Approach – Law of Supply and Demand, Allocation
Efficiency, and Dynamic Adjustment

The Law of Supply and Demand is a static theory of market equilibrium, and pro-
vides that the equilibrium of a competitive market occurs at the price and quantity
given by the intersection of the demand and supply curves. For example, in Figure 1,
the intersection of the demand and supply curves gives Q = 6 and 55 ≤ P ≤ 60.

In an ordinary market experiment without the continuous refreshing described
in section 2, the equilibrium Q = 6 and 55 ≤ P ≤ 60 would be the predicted outcome
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Figure 2. Price Time Series P1 from Brewer, Huang, Nelson, and Plott (sanitized).
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of microeconomic competitive theory. With continuous refreshing of the supply/
demand curves, the correct equilibrium concept is less clear. First, there is no pre-
diction for Q because refreshing allows trade to continue. Brewer, et al. (2002)
maintained a hypothesis that competitive theory could possible still predict prices in
these environments: the prediction for P from the Figure 1 of 55 ≤ P ≤ 60 is the
“instantaneous competitive equilibrium” of Brewer, et al. (2002), and there may also
be a velocity-based equilibrium based on observed supply and demand curves that
are calculated ex-post.

Allocation efficiency measures the ratio of the gains from trade achieved in a
market versus the maximum possible gains from trade. Ordinarily, laboratory mar-
kets in the absence of externalities will equilibrate to prices near those predicted
by the Law of Supply and Demand, supporting an allocation having nearly 100%
allocation efficiency. In continuously refreshed markets, allocation efficiency is dif-
ficult to define because the proper definition of maximum possible gains from trade
in the presence of refreshing is not obvious.

The Law of Supply and Demand is not a dynamic theory of price adjustment.
Two early models of price adjustments are due to Marshall and Walras. Either could
be expressed in the form of a differential equation, though there is no exact differ-
ential equation known to be accepted as an exact realization of either theory.
The primary difference between the two adjustment models is whether adjustment
occurs along the quantity axis or the price axis.

3.2. Marshallian Adjustment

The Marshallian adjustment process can be written as:

dQ/dt = F(PDPP (Q) − PSPP (Q))

where
PDPP (Q) = Demand Price (or Marginal Value) at Q
PSPP (Q) = Supply Price (or Marginal Cost) at Q

F() is a sufficiently well-behaved unknown monotone function

3.3. Walrasian Adjustment

The Walrasian Adjustment Process can be written as:

dP/dP t = G(QD(P) − QS(P))

where
QD(P) − QS(P) gives the quantity of the excess demand at price P

and G() is a sufficiently well behaved unknown monotone function.

The Marshallian adjustment process was originally associated with adjustment of
markets that are repeated over a series of days, months, or years. One general
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argument is that if PDPP > PSPP it will be easy for sellers to sell their goods in excess ofS

their marginal cost, and production will expand. However, if PDPP < PSPP  trade will beS

difficult since buyers are willing to pay less than sellers require to meet production
costs. Because some sellers will be producing at least part of their production at
marginal costs that are higher than what buyers are willing to pay (PDPP ), sellers must
necessarily take a loss on this excess production. Failure to sell at a price greater
than marginal cost would rationally lead to a contraction of production over time as
sellers learn to correct overproduction.

Walrasian adjustment can be thought of as either a virtual or real tatonnement
process that occurs before trade to set a price, or it can be thought of as occurring
within trade through shortages and surpluses. In this research, we are mainly concerned
with the latter approach. The basic idea is that if prices are above equilibrium, there
is excess supply, and prices will fall over time, and if prices are below equilibrium
there is excess demand, and prices will rise over time. It is worth noting that the
Walrasian adjustment process, as a first-order differential equation, implies an expon-
ential approach to equilibrium. A first-order differential equation for price over time
does not permit more advanced behavior seen in some physical (non-economic)
systems: for example, the oscillation of a spring (with or without damping) is the
result of a 2nd order differential equation of motion over time.

More recently, Easley and Ledyard (1993) provide a model of double auction
price convergence that has both Marshallian and Walrasian aspects. However, this
model applies to the standard double auction with finite periods, not the CRSD
double auction.

Attempts at comparing the Walrasian and Marshallian adjustment processes in
standard double auctions have been made by Plott and George (1992) and Jamison
and Plott (1997). These studies involved the creation of externalities alternatively
generating upward sloping demand or downward sloping supply (called “perverse-
shaped” curves because normally demand is downward sloping and supply is up-
ward sloping) to create particular regions of Walrasian instability/Marshallian stability
or Marshallian instability/Walrasian stability. Plott (2001; Introduction p. xxv)
summarizes these results as favoring a Marshallian theory when externalities cause
perverse-shaped supply and demand curves but favoring Walrasian theory when
income effects cause perverse-shaped curves.

One can see that there is no well-accepted choice between Marshallian and
Walrasian dynamics. It is believed that the use of the Continuously Refreshed Supply
and Demand in the research reported here will select against Marshallian dynamics
because there will be no shortage of trading opportunities along the Q axis to force
an outcome. This consequence of CRSD experiment design will be revisited again in
the next section.

3.4. The Financial Economics Approach – Informational Efficiency

Market prices are said to be informationally efficient if prices summarize existing
information to the extent that there is zero expected gain from buying or selling
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based on existing information. Existing information includes all current and prior
prices {PtPP, PtPP−1, PtPP−2, . . .} as well as any other commonly known information about
the market.

More formally, given information ItII at timet t, prices are a Martingale process
whereby the expectation Et[PtPP+tt k | ItII ] = PtPP for allt k > 0.

3.5. Normal Random Walk

For the purpose of this paper, a normal random walk is an integrated time series Pt

whose first differences ∆PtPP = PtPP+tt 1 − PtPP are independently and identically distributedt

normal variables with E(∆PtPP) = 0 and Var(∆PtPP) = σ 2. Modeling prices in a market
as a random walk necessarily satisfies the informational efficiency requirement:
if the mean of the difference process is zero, then E[PtPP+tt k |PtPP ] = PtPP + E(∆PtPP) +
E(∆PtPP+tt 1) + . . . = PtPP + 0 + 0 + . . . = PtPP . Note that the normal random walk has linearly
increasing prediction variance Var[PtPP+tt k |PtPP] = kσ 2 as the prediction horizon k is
increased.

3.6. Heteroskedastic Martingales

A heteroskedastic Martingale is a time series that satisfies the informational effici-
ency hypothesis but is not a normal random walk due to changes over time in the
variance parameter of price differences σ2. The variance could be time dependent or
price dependent. Well known examples of this class of processes would include the
ARCH and GARCH time-series models, which add a separate equation for variance
that induces heteroskedasticity.

4. COMPARING AND CONTRASTING THE STANDARD MODELS

The financial and microeconomic theories appear to overlap only in the case of a
perfect market that instantaneously finds the competitive equilibrium price. A constant
price is trivially a Martingale and if this constant price is at the theoretical equilib-
rium then both kinds of theories can be satisfied. However, noisy prices are an
empirical regularity common to both the lab and the field. The main tension between
the two approaches of Section 3 is that the existence of a price adjustment process in
Microeconomics converging towards the static prediction of the Law of Supply and
Demand is incompatible with the notion that markets prices exhibit informational
efficiency detectable through autocorrelation properties of price differences.

4.1. Random Walk destroys convergence

If prices were a random walk, the market would have informational efficiency but
then prices would not converge towards any fixed level. Price increments are always
independent and identically distributed and therefore do not tend to move price
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towards the microeconomic competitive equilibrium given by the Law of Supply
and Demand.

4.2. Convergence of prices towards competitive equilibrium implies
non-Martingale behavior

Convergence of prices towards a competitive equilibrium price p* would seem to
suggest that Et[PtPP+k | ItII ] < PtPP whent PtPP > p* and Et[PtPP+k | ItII ] > PtPP when PtPP < p*. In contrast,
a Martingale Process always has expectation Et[PtPP+k | ItII ] = PtPP for allt k > 0.

Voluntary trade within a set of supply and demand curves necessarily generates
a price ceiling and a floor outside of which trade will never occur. This creates
problems for random walk and Martingale models.

4.3. Voluntary Trade and The Support of Possible Prices

Nothing in a random walk theory prevents prices from wandering outside of the
support of voluntary trade. For example, in Figure 1 the lowest seller’s marginal cost
is 30 and the highest buyer’s marginal value is 140. Voluntary trades can only occur
at prices greater than or equal to 30, and less than or equal to 140.

4.4. A Censored Normal Random Walk is no longer a Martingale process

Censoring the random walk above and below ceiling and floor values (PH, PLP ) would
tend to violate the Martingale requirement that E[PtPP+k |PtPP] = PtPP. To see this, con-
sider a price ceiling PH, then at PtPP = PH we would necessarily have H E[PtPP+1 |PtPP] < PtPP .
Unless PtPP+tt 1 = PtPP = PH with certainty (which is never true for a censored iid normalH

random walk but could be true for a heteroskedastic censored random walk only
for the unusual case that the variance falls to zero at the ceiling) the mean of the
next price PtPP+1 must be less than the ceiling because the probability support does
not include any prices above the ceiling. The argument for violation at a floor is
similar.

4.5. Bounded Martingales seem to require various non-economic properties

A Bounded Martingale is a Martingale price process bounded between two limits
[PL, PH]. From the previous paragraph we know that the first non-economic property
that a Bounded Martingale must have is that the price bounds are sticky. If at some
time t the price t PtPP = PH or H PtPP = PL, it remains at P H or H P L forever. If one considersL

exponentially decreasing, ever-tightening bounds on the variance of the Martingale
process over time, one may obtain price convergence to an interior point, but there
is no reason to believe that this interior point should always coincide with the
economic notion of competitive equilibrium nor does classical economics provide
a definitive source or model associated with this decrease in variance. Conditional
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heteroskedasticity based upon the distance of the price PtPP from equilibrium might bet

helpful, but once again there is no obvious economic source of this effect and one
must still have a variance of 0 at PL andL P H with the possibility of prices becomingH

stuck at or near these locations. In contrast, economic theory would seem to say that
the forces pushing prices towards the equilibrium would be strongest at boundary
prices PL andL PH because it is at these prices that excess demand or excess supplyH

will be greatest.
The next note about conflicts among the models has more to do with the specific

choice of a CRSD environment for generating the experimental data.

4.6. CRSD environment selects against Marshallian Price Adjustment Processes

Brewer, et al. (2002) considered an alternative interpretation of the Marshallian
adjustment process acting within a single trading period: the Marshallian Path. The
idea is simply that the sequence of trades in a market will be from left to right along
the supply and demand curves at any series of prices PnPP  where PSPP (n) ≤ PnPP ≤ PDPP (n).
For example, for the market of Figure 1, the Marshallian Path theory would imply
the following sequence of trade: (buyer with value 140/seller with cost 30), (buyer
with value 125/seller with cost 35), (buyer with value 110/seller with cost 40),
(buyer with value 95/seller with cost 45), (buyer with value 80/seller with cost 50),
(buyer with value 65/seller with cost 55). The equilibrium quantity of trades would
be Q* = 6. No further trades will be possible since PDPP < PSPP at S Q = 7.

Gode and Sunder (1993) advanced the idea that fully human rationality suggested
in the adjustment processes above was not necessary because markets populated
by so-called “Zero Intelligence” robots, which patiently bid/ask randomly within
their budget constraint, converged to market equilibrium prices. ZI robots effectively
follow a noisy Marshallian path, because at any time the robots with the greatest
probability of trading are the high value buyer and the low cost seller. By removing
the high-value and low-cost traders early, prices are stochastically forced towards
the competitive equilibrium at the supply-demand intersection. Cason and Friedman
(1996) provide additional evidence that suggests markets populated by humans follow
such a noisy Marshallian path.

The continuously-refreshed environment of Brewer, et al. (2002) removes the
Marshallian path as a possible mechanism for adjustment because the high-value and
low-cost units are recycled back into the market. Prices are still seen to converge.
This might be seen as lending support towards a Walrasian adjustment model at least
for the CRSD class of environments.2

5. A HYBRID MODEL – ROBOT SIMULATIONS

Figure 3 shows market prices generated by three groups of specially designed trading
robots. These prices are seen to converge towards a kind of equilibrium, similar to
the convergence of the humans. The robots, which we will call constrained random
walkers, use a pricing algorithm based partially upon a random-walk. The purpose of
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Figure 3. Prices from Constrained Random Walkers attain equilibrium over time.

this section is to explain the algorithm of these robots, compare this algorithm to the
Zero Intelligence algorithm of Gode and Sunder (1993), and compare and contrast the
behavior of markets populated by the robots. The potential significance of these robot
simulations for a combined microeconomic/financial theory of markets is explored.

5.1. Constrained Random Walkers

Constrained Random Walkers obey the following algorithm: at each moment in time
one robot representing a particular buyer or seller is selected to act. This robot will
then (1) fetch the previous transaction price pt−1. This transaction price is the price
of the last completed trade, not the advertised price of a previous bid or ask. (2) add
an independent, identically distributed deviate ε ∼ N(0,NN  σ 2) to obtain the potential
price p* = pt−1 + ε , and (3) submit a bid or ask at price p* if and only if p* is within
the robot’s budget constraint – that is, p* > cost for a seller, or p* < value for a
buyer. Potential prices that fail step (3) are discarded.

5.2. Gode and Sunder (1993) ZI Robots

The ZI Robots obey the following algorithm: at each moment in time one robot
representing a particular buyer or seller is selected to act. This robot will then
randomly bid over the budget constraint without regard to previous prices. A Buyer
robot will bid a price b* from a uniform random distribution over 0 ≤ b* ≤ v, where
v is the redemption value. A Seller robot will ask a price a* from a uniform random
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distribution over c ≤ a* ≤ H, where c is the cost of the unit to the seller and H is anH
arbitrary ceiling price chosen to be higher than the highest buyers’ value.

5.3. Double Auction Trading Rules

As bids and asks arrive, they are interpreted under the two rules of the double
auction. The first rule is an improvement rule that discards bids and asks if they are
not better than any previous standing bid or ask. The second rule is a trading rule
that specifies that a trade occurs when a new bid is greater than the ask price, or a
new ask is less than the bid price. When a trade occurs, the earlier bid or ask of the
pair determines the trading price.

5.4. Effect of Individual Budget Constraints

The effect of individual budget constraints manifesting the supply and demand curves
must be significant for any organized trend of prices towards an equilibrium price
predicted by the Law of Supply and Demand. Gode and Sunder (1993) demonstrate
that without the individual budget constraint and the double auction improvement rule
requiring bids to be ascending and asks to be descending, the ZI robots do not converge
to an equilibrium price but instead generate independent, identically distributed
prices over the interval [0, H]. Brewer, et al. (2002) demonstrated the additional
requirement of scarcity or finiteness of supply and demand for the ZI robots to reach
equilibrium prices. In the CRSD environment, ZI robots fail to reach an equilibrium
price, instead generating an iid sequence of prices. However, the exact shape of the
iid distribution is affected by the particulars of the supply and demand curves.

Without individual budget constraints, the Constrained Random Walkers would
generate prices that are a Martingale process. The individual budget constraints are
imposed at step (3). Without step (3), each proposed bid or ask price is simply a
normal based around the previous price. But with step (3) added, prices appear to
converge. It is clear from Figure 3 that the rate of convergence depends on the
deviation parameter σ 2 of the Normal distribution generating successive bids and
asks. Over a range of small σ 2, higher σ 2 appears to allow convergence to proceed
at a faster pace.

5.5. Effect of Double Auction Trading Rules

The effect of the double auction trading rules is to impose a type of order on the
competitive process that converts streams of bids and asks into transaction prices.
The importance of these rules, and of changes to them, is borne out by the rich
literature of double auction processes. Chamberlin’s (1948) experiments showing
the apparent non-convergence of market prices did not impose the formalities of
double auction trading, but instead had subjects circulate the room to find partners.
In contrast, Smith (1962) showed that when the rules of the double auction were
applied to trading, prices converged after a series of repetitions to match the
predictions of the Law of Supply and Demand.
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5.6. Price Convergence in CRSD markets populated by Constrained Random
Walk Robots

Brewer, et al. (2003) showed that with a CRSD environment, the ordering effect of
the double auction market lacks sufficient strength to tame the aggregate pricing
behavior of the ZI robots. However, because prices of markets populated by humans
converge in the CRSD double auction environment, it was hypothesized that some
additional element of human rationality, absent in the ZI robots, was responsible.
With the demonstrated convergence of market prices in double auctions populated
by the Constrained Random Walkers, the element of behavior required may have
been identified: basing of bid and asks upon the previous price, while still censoring
bids and asks against the budget constraint, causes the market prices to converge.

Notice what happens as the robots compete in Figure 3. Prices drift towards
equilibrium at a rate that rises with increasing innovation σ 2. After noting the
pattern, σ 2 was varied in an attempt to generate time series comparable to the human
traders. But why should prices converge at all? The key is to recognize the combined
effect of budget constraints, double auction rules, and anchoring bids and asks to the
previous transaction price.

If the previous price is low compared to competitive equilibrium, then the budget
constraints imply a larger pool of buyers submitting bids than sellers submitting
asks. The double auction rules require bids to be ascending and asks to be descending.
Suppose prices are so low that it is likely that 2 buyers will submit bids before the
next seller will submit an ask. Then the double auction rules will filter out the highest
of these two bids, which has a 75% probability of being higher than the previous
transaction price. While the bid price will likely move up, it is unlikely it moves up
by much more than σ because of the anchoring effect of the bid generation processσ
where b ∼ pt−tt 1 + N(0, σ 2). When the seller robot generates an ask, with about 50%
probability the ask price will be below the previous transaction price and a trade will
occur at the earlier, and higher, bid price. Therefore the trade price will tend to move
slowly towards the equilibrium, with the strength of the drift decreasing as prices
move towards the equilibrium. When the prices are too high, there are more poten-
tial sellers than potential buyers, and a similar process occurs to lower the price.

This type of slow convergence suggests an AR(1) process might reasonably fit
prices converging towards competitive equilibrium, compatible with the notion of
Walrasian adjustment processes:

(PtPP+1 − PeqPP ) = a1(PtPP − PeqPP ) + ε t; | a1 | < 1, ε t iidt N(0,NN σ*2)

The market prices of the Constrained Random Walkers fit an AR(1) process fairly
well. It is possible that there could be some price-based heteroskedasticity that does
not fit the standard AR(1) model, or the residuals may be non-normal. These effects
were not tested formally. When we look at the data of the human populated markets,
there is also an additional effect that does not fit a AR(1) process: correction of
outlier prices. The analysis of markets populated by humans will be the focus of the
next section.
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6. ARMA BEHAVIOR OF MARKETS POPULATED BY HUMANS

The purpose of this section is to examine ARMA models of the CRSD double
auction market populated by humans. The impetus for using ARMA models is
based in part upon the hypothesis that markets populated by Constrained Random
Walker robots of section 5, which demonstrate convergence towards competitive
equilibrium, appear to fit an AR model in prices.

However, with the humans, the visual evidence suggests a handling of outliers
inconsistent with a simple AR(1) model. In an AR(1) model, an outlier in price
would generate a new slow drift towards the equilibrium price. But in this data, the
observed effect is that the price corrects to a price near the previous prices. This is a
property of a moving average or MA model where the error terms follow a linear
process and allow for such self-correction. An ARMA(1, 1) model incorporates
both effects.

(PtPP+1 − PeqPP ) = a1(PtPP − PeqPP ) + ε t;

ε t ∼ b1 ε t−1 + iid N(0,NN σ *2)

In this model, the a1 term is typically denoted the AR(1) or autoregressive term and
the b1 term is typically denoted the MA(1) or moving-average term. Slow conver-
gence towards equilibrium is described by a near unity a1 ∼ 1 − φ, with the speed ofφ
convergence increasing with φ. Theφ b1 term indicates “memory” in the shocks. A
positive b1 may indicate a run-on effect in large shocks being followed by a run of
smaller and smaller shocks. A negative b1 may indicate that shocks tend to partially
self-correcting in successive trades. From a visual inspection of the human trading
data, we expect b1 to be negative in human populated markets.

The analysis of the data yields six results. Result 1 states that neither a fixed
random process nor a random-walk unit-root process adequately describes the human
market data. Result 2 identifies the drift in the pricing process and identifies a large
source of variance from outliers, or large movements in price that are almost imme-
diately corrected3. Based on this, we removed large movements in price to “sanitize”
the time series. The goal is to separate the effects of these self-correcting price
movements from other features of the time series. Result 3 finds a curious relation-
ship between price variance and price in the sanitized time series. Results 4–6
characterize features of ARMA models fitted to the time series.

Result 1: Neither an iid fixed random process nor a unit-root process – such as a
random walk – adequately describes the price data.

Support: Visually, it is unlikely that the data could be independent and identical
draws from a fixed random distribution because the mean and variance of the pro-
cess are changing. Visually, a unit-root process is unlikely because shocks to a unit-
root process are persistent. This means, for instance, that large changes in the price
should not be followed by reversals. Two formal tests were performed to examine
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the possibility of a unit-root. Both the Dickey-Fuller test and the Philips-Perron test
for a unit-root yield p-values of less than 0.01 for this data, indicating rejection of
the null hypothesis of a unit-root at 99% certainty.

Trades 1–100 101–200 201–300 301–400 401–500 501–600 601–700 701-end

Raw Data
Mean 81.22 75.86 69.89 64.83 63.44 63.39 61.91 63.40
Var 87.11 26.53 21.49 18.06 18.03 13.78 9.62 6.61

|∆P | > 15 removed (26 trades)
Mean 80.69 74.82 68.88 64.14 62.85 63.18 62.05 63.47
Var 57.87 24.96 22.51 15.03 9.85 9.93 8.03 6.58

Result 2: The price data shows a slow drift in mean from T = 1 to T = 300–400. The
variance also changes over time, and is generally decreasing. A large portion of the
variance in trades 1–100, 401–500 and 501–600 can be attributed to price changes
where | PtPP +tt 1 − PtPP | > 15.

Result 3: The variance of the price process appears to be exponentially decreasing,
once certain outliers are removed.
Support: A naïve OLS regression of log(var) on the group midpoints TmidTT = (50,
150, . . . ) of groups of 100 observations yields
log(var100(pt)) ∼ 3.8379 −0.00283 TmidTT ;

(±0.159) (±0.00034) (standard errors)

The adjusted R2 of this model is 0.9041 indicates a fairly close match as can also
be seen visually in Figure 4.

The price data exhibits some features of an ARMA(1, 1) model, provided one is
willing to ignore the heteroskedasticity and the possibility of higher order terms.

Figure 4. Log(Var[P]) for Groups of 100 trades with Log-linear Fit.
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ARMA (1, 1) model AR(1) MA(1) σ 2 Log(Likelihood)

Raw P[t] no filtering 0.9952 −0.8043 23.73 −2382
(se) 0.0041 0.036

|∆P | > 15 removed 0.9877 −0.6429 15.95 −2151.6
(se) 0.0067 0.0419

AR only 0.8726 – 19.80 −2234.0
MA only – 0.6567 42.44 −2526.0

Result 4: The ARMA(1,1) fits reveal (i) an AR coefficient compatible with a very
slow Walrasian dynamic together with (ii) a stronger MA coefficient compatible
with short-term corrections of remaining outliers against the slowly moving mean.
Sanitizing the data enables better detection of the slow Walrasian dynamic.

Support: The strength of the convergence process depends on (1 − a1). As the a1

coefficient is almost 1.0, the convergence process is very slow and furthermore does
not have good statistical significance given the standard error of the a1 coefficient.
The MA(1) coefficient b1 is negative and is picking up the bounce or correction of
large movements in price. Removing the large price changes from the time series
improves the log likelihood by over 200 and shows a slightly stronger convergence
dynamic now safely above the noise. The AR(1) and MA(1) process estimated
separately show that both terms are significant. A log-likelihood χ2 test would reject
removing either term at well above the 0.999 level.

Result 5: A structural change in the ARMA process may occur roughly correspond-
ing to the attainment of equilibrium.

Support: Figure 5 shows a standard log-likehood test for detecting the breakpoint
for a single structural change in a time series model. Figure 5 suggests, based on
log-likelihood, a structural break around T ∼ 290. When we look at the time series
of prices this does correspond to a rough visual assessment of where equilibrium
appears to have been attained (T ∼ 300–400).

Coefficients

ARMA 1, 1 models AR(1) MA(1) σ2 Log(Likelihood)
|∆P | > 15 removed

T ≤ 290 0.9882 −0.5918 26.02 −885.25
s.e. 0.0088 0.0631

T > 290 0.7368 −0.4615 9.05 −1204.7
0.0846 0.1138

Combined −2089.95
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With the caveat that smaller data sets yield less accurate fits, it is possible to break
up the time series into groups of 100 trades.

Coefficients

ARMA 1, 1 models AR(1) MA(1) σ 2 Log(Likelihood)
Data
all data, no filtering
trades 1–100 0.9954 −0.9085 78.98 –

101–200 0.996 −0.7463 24.65 –
201–300 0.9789 −0.6892 20.11 –
301–400 0.857 −0.4291 12.35 –
401–500 0.2489 −0.1507 22.6 –
501–600 0.1925 0.0329 8.53 –
601–700 0.8711 −0.6732 9.23 –
701–792 0.4172 −0.099 5.99 –

|∆P | > 15 removed
trades 1–100 0.983 −0.4676 35.44 −321.97

101–200 0.9907 −0.676 20.33 −293.68
201–300 0.962 −0.5767 19.84 −291.97
301–400 0.9058 −0.6693 12.23 −267.30
401–500 0.674 −0.4279 8.49 −248.91
501–600 0.0083 0.1263 9.68 −255.42
601–700 0.7797 −0.422 6.68 −237.00
701–767 0.5295 −0.179 5.68 −153.34

Combined −2069.59

The pattern is given as Result 6.

Result 6: The price convergence process is not purely stationary but there is (i) a
slow trend towards lower variance, and (ii) a shift in behavior around attainment of
price equilibrium toward stronger price-related effects and away from outlier effects.

Support: The variance effect is clearly shown in the table above, and is also ex-
pected given Result 3. There are large changes in the coefficients beginning with
T = 301–400. Figure 6 (constructed from the unfiltered data) suggests that the AR(1)
coefficient drops, indicating a stronger strength of the price convergence process.
At the same time, the MA(1) coefficient drops in absolute value, indicating that less
of the price movements seem to be corrections of previous shocks.

Note also that the coefficients begin to wander after T > 500. This wandering
may involve effects of discreteness in prices, given that prices are constrained to
unit values and the observed price variance is very low.
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An alternative, but perhaps important, interpretation for Result 6 is that as the
market equilibrates, there is initially an advantage for subjects who pay attention to
the trend in market prices and whether a price offer is an outlier and this generates
the near unity values for the time-series coefficients that we see. But as the market
equilibrates, there is less and less variance in price and therefore less and less money
that could be earned by careful timing of, or attention to, market activities. The
changes and variability in the time-series properties that occur upon, or just after
equilibrium, could be simply due to the fact that there is almost nothing to be gained
by trading in the previous manner.

7. CONCLUSIONS

This paper began with the question of whether it might be possible to integrate or
reconcile ideas of market dynamics found in microeconomics with those found in
the random walk or Martingale theory of finance. The use of long time series generated
by a CRSD laboratory market provided a practical framework for an initial study of
these questions.

Two conclusions can be found in the present research. The first conclusion is that
something like a random walk process can be useful in modeling the slow conver-
gence component of prices found in CRSD markets. When a random walk in bids
and asks is censored against individual budget constraints the resulting market
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prices appear to slowly converge towards the predictions of supply and demand.
The innovative step in this model is that the random walk is not in transaction prices,
but instead is a component involved in the process generating bids and asks.

The second conclusion is that the price dynamics of human-populated markets
contain a number of different kinds of effects that seem to be operating simult-
aneously. Smoothing shows a AR(1) process similar to that seen in the constrained
random walk robots. However, prices in the human-populated markets also show a
complex outlier generation and correction process. A large move in prices at one
trade is often corrected back towards the average with the next trade. This type of
“memory” of the process is not captured by an AR(1) statistical process or a con-
strained random walk of bids/asks. Removing many of the large outliers and adding
an MA(1) component to absorb the remaining outlier/correction process yields an
ARMA(1, 1) model that varies as the market converges towards equilibrium.

A structural break in the ARMA parameters seems to occur as equilibrium is
reached. The nature of this structural break is left for further research. It may suggest
the use of models with multiple regimes for price discovery and equilibrium behavior
rather than a simple stationary model.

Hope for a combined theory of microeconomic and financial adjustment suggested
in this work possibly relies on classifying markets along what is for now a somewhat
speculative grouping: (i) Markets with finite ending times and finite trade can be
roughly modeled as a noisy Marshallian process and it is possible that scarcity and
the likelihood of large surplus traders trading early are all that is necessary for the
appearance of prices converging to the competitive equilibrium. Prices following
a noisy Marshallian process will not be Martingales but instead will exhibit negat-
ive autocorrelation of price changes. (ii) Markets with no fixed ending time and
continuously refreshed supply and demand, such as the CRSD market presented
here, exhibit price convergence when populated by humans that can not be explained
as a Marshallian process, but only as either a Walrasian class of adjustment process
or some other type of process yet to be defined. Within the Walrasian class of
adjustment processes is the possibility that a random-walk approach to submitting
bids and asks can explain market price convergence when the random walk generat-
ing bids and asks is censored, at the individual level, against an individual seller’s
supply costs or buyer’s redemption values making up the supply and demand. This
convergence also relies upon the details of trading, e.g., the improvement rules of
the double auction.

It is this second grouping of markets involves a hybrid model of CRSD market
price convergence incorporating both ideas from finance (the random walk) and
microeconomics.

In addition, the hybrid model can yield back a purely financial model, when the
microeconomic constraints of supply and demand are removed. Suppose a financial
market is modeled as being like the CRSD environment, but without the individual
constraints on traders’ costs and values typically associated with supply and demand.
If individual behavior based on (possibly faulty) future expectations turns out to be
quite different from behavior based on a known arbitrage opportunity, this may be
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a sensible rough model. In the absence of individual budget constraints associated
with supply and demand curves, a random walk generating bids and asks would
be uncensored, depending only on the previous transaction price. Thus, when the
rules of double auction trading are applied, the random walk process in bids and asks
would generate a random walk in prices, which is the expected result in a informa-
tional efficiency model of a price adjustment.

As warned in the introduction, this approach may be seen by some as overly broad
or raising more questions than it answers. However, as pointed out in section 4,
there are a number of apparent conflicts between microeconomic price processes as
confirmed by laboratory experiments and the standard assumptions of finance. Rather
than simply assume that the latter do not apply to the former, it is hoped that the
search for a combined theory of price adjustment may – with continued contribution
by theorists and empiricists in both fields – yield further insights into the behavior of
markets not discernable with the tools of one field alone.
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NOTES

1 Fama [1965] finds positive autocorrelations of returns on 75% of the Dow 30 stocks. Solnik [1973],
Lawrence [1986], and Butler and Malaikah [1992] find many examples of negative autocorrelations of
daily returns in the stock markets. Hawawini and Keim [1995] provide a survey of this literature in their
introduction. Dacorogna, Gençay, Müller, Olsen and Pictet [2001; pp. 123–4] briefly discuss negative
autocorrelations found in the price formation process of foreign exchange markets that are strong for
very short time horizons but vanish over the course of 30 minutes or so.

2 The argument is that in a CRSD environment, the Marshallian dynamic is precluded. Nothing precludes
Marshallian or multiple adjustment models from acting in the ordinary classical environment or other
domains not studied here.

3 The interface for trading was a graphical screen rather than numeric input of bids and asks, and so it is
also possible that these outliers are caused by subjects recklessly sending in asks that are too low (or
bids that are too high) in an attempt to quickly accept a desirable bid (ask). Priority for input from
multiple subjects that would cause acceptance of a bid/ask was based on time only not on price. A
tendency for some subjects to send in outlier prices can also be seen as a human/computer interface
design flaw because subjects could have been warned and given a pop-up box to confirm questionable
behavior. The design used did not involve any such handholding, settling for simplicity and minimal
interaction or guidance of the subject.



MICROECONOMICMM AND FINANCIALFF PL RICEPP AE DJUSTMENT PT ROCESSESPP 45

REFERENCES

Bossaerts, Peter L. (2002). The Paradox of Asset Pricing Princeton: Princeton University Press.
Brewer, Paul J., Maria Huang, Brad Nelson and Charles R. Plott (2002). “On the Behavioral Foundations

of the Law of Supply and Demand: Human Convergence and Robot Randomness.” Experimental
Economics 5: 179–208.

Butler, K. C., and Malaikah, S. J. (1992). “Efficiency and inefficiency in thinly traded stock markets:
Kuwait and Saudi Arabia.” Journal of Banking Finance 16, 197–210.

Cason, Timothy N. and Daniel Friedman (1993). “An Empirical Analysis of Price Formation in Double
Auction Markets,” in D. Friedman and J. Rust (eds.) The Double Auction Market: Institutions,
Theories, and Evidence pp. 63–98.

Cason, Timothy N. and Daniel Friedman (1996). “Price Formation in Double Auction Markets.” Journal
of Economic Dynamics and Control 20, 1307–1337.l

Chamberlin, E. H. (1948). “An Experimental Imperfect Market.” Journal of Political Economy 56(2),
95–108.

Dacorogna, Michel M., Gençay, R., Müller, U., Olsen, R. B., and Pictet, O. V. (2001). An Introduction to
High Frequency Finance San Diego: Academic Press.

Duffy, J. (2004). “Agent-Based Models and Human Subject Experiments,” to appear in K. L. Judd and
L. Tesfatsion (eds.) Handbook of Computational Economics vol. 2 Amsterdam: Elsevier.

Easley, D. and J. O. Ledyard (1993). “Theories of Price Formation and Exchange in Double Oral
Auctions.” in D. Friedman and J. Rust (eds.) The Double Auction Market: Institutions, Theories, and
Evidence pp. 63–98.

Farmer, J. D., Patelli, P. and Zovko, I. I. (2003). “The predictive power of zero intelligence in financial
markets.” Preprint, http://xxx.arxiv.org/abs/cond-mat/0309233

Fama, E. F. (1965). “The Behavior of Stock-market Price.” Journal of Business 39, 226–241.
Gode, D. K. and S. Sunder (1993). “Allocative Efficiency of Markets with Zero-Intelligence Traders: Market

as a Partial Substitute for Individual Rationality.” Journal of Political Economy 101, 119–137.
Hayek, F. A. (1945). “The use of knowledge in society.” American Economic Review 35(4), 519–630.
Jamison, J. C. and Charles R. Plott (1997). “Costly Offers and the Equilibration Properties of the Multiple

Unit Double Auction Under Conditions of Unpredictable Shifts of Demand and Supply.” Journal of
Economic Behavior and Organization 32, 591–612.

Lawrence, M. (1986). “Weak-form efficiency in the Kuala Lumpur and Singapore stock markets.” Jour-
nal of Banking Finance 10, 431–445.

Perron, P. (1988). “Trends and Random Walks in Macroeconomic Time Series.” Journal of Economic
Dynamics and Control 12, 297–332.l

Plott, Charles R. (1982). “Industrial Organization Theory and Experimental Economics.” Journal of
Economic Literature 20, 1485–1587.

Plott, Charles R. and G. George (1992). “Marshallian vs. Walrasian Stability in an Experimental Market.”
The Economic Journal 102, 437–460.

Plott, Charles R. (2000). “Markets as Information Gathering Tools.” Southern Economic Journal 67(1):
1–15.

Plott, Charles R. (2001). Markets Institutions and Price Discovery: Collected Papers on the Experimental
Foundations of Economics and Political Science, Volume Two Northhampton, MA: Edward Elgar
Publishers.

Smith, V. L. (1962). “An Experimental Study of Competitive Market Behavior.” Journal of Political
Economy 70, 111–137.

Smith, V. L. (1982). “Microeconomic Systems as an Experimental Science.” American Economic Review
72, 923–955.

Solnik, B. (1973). “A note on the validity of the random walk for European prices.” Journal of Finance
28, 1151–1159.

Sunder, S. (1995). “Experimental Asset Markets: A Survey” in J. H. Kagel and A. E. Roth (eds.) The
Handbook of Experimental Economics Princeton University Press, pp. 445–495.



CHOOSINGCC A MODEL OUT OF MF ANYMM PY OSSIBLE AE LTERNATIVES 47

47

Chapter 3

CHOOSING A MODEL OUT OF MANY POSSIBLE
ALTERNATIVES: EMISSIONS TRADING AS
AN EXAMPLE

Tatsuyoshi Saijo
Osaka University

Abstract

The main purpose of this paper is to consider how to choose a model when there
are many possible alternatives to choose from. We use global warming, especially,
emissions trading, as an example. First, we describe each model in a very simple
setting and then consider implicit and explicit assumptions underlying each model.
In other words, we try to identify the environments in which the model really works.
Our models yield results that may be different or occasionally inconsistent. In order
to evaluate the results, we argue that the setting of the models and the implications
of their implicit assumptions are important.

1. INTRODUCTION

Sulfur dioxide emissions in the atmosphere have detrimental effects on human health
through acid rain and soil pollution. Carbon dioxide emissions do not have direct
deleterious effects on humans, but they may cause global warming in the future.
Because of both the direct and indirect effects of these greenhouse gases (GHGs), a
few methods have been proposed to control their emissions into the atmosphere. The
traditional method is through direct regulations or the command and control method.
Another method is emissions trading whereby emissions targets are set and agents
are given incentives to reduce emissions further since they can sell any surplus emis-
sions permits in the market. In the case of direct regulation, once an agent satisfies
the regulation, there is no incentive to reduce emissions further.

The December 1997 Kyoto Protocol to the United Nations Convention on Climate
Change called for Annex B countries (i.e., advanced countries and some countries
that are in transition to market economies) to reduce their average greenhouse gas
emissions over the years 2008–2012 to at least five percent below the 1990 levels.
In order to implement this goal, the protocol authorizes three major mechanisms
collectively called the Kyoto Mechanism. These are 1) emissions trading, 2) joint
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implementation, and 3) the Clean Development Mechanism. As almost no directions
are given in the Protocol for implementing these mechanisms, the details of the
implementation must be designed.

This paper is organized as follows. In the first part of this paper (sections 2, 3,
and 4), we describe models to implement the Kyoto Mechanism by using a marginal
abatement cost curve for each country in order to limit the production of greenhouse
gases. Because the total amount of greenhouse gases varies over time, dynamic
models are required. However, we restrict ourselves to static models here because
the aimed period of the Kyoto Protocol is from 2008 to 2012.1 It is often said that
emissions trading attains a fixed goal of regulated emissions at minimum cost. We
focus on this statement in Section 2 and show that the emissions reduction cost is
minimized at a competitive equilibrium. We then investigate some neutrality proposi-
tions. Section 3 introduces a social choice model to consider if competitive equi-
librium can be attained through the concept of strategy-proofness. Strategy-proofness
means that the best strategy of each country is to report the true marginal abatement
cost curve. We will show that a country can gain by not announcing its true marginal
abatement cost curve. That is, in the announcement game of marginal abatement
cost curves, it is impossible to attain the Kyoto target at the cheapest cost under
strategy-proofness. Section 4 proposes a game in which prices and quantities are
strategic variables. The possibility of attaining competitive equilibrium through the
constructed game is then considered. One such game is the Mitani mechanism (1998),
which implements the competitive equilibrium allocation in subgame perfect equi-
librium. In GHG emissions trading starting from 2008, the problem of market power
is an important issue. Countries such as Russia and Japan will dominate the market.
The Mitani mechanism attains the competitive equilibrium allocation even when the
number of participants is small. Sections 5 and 6 describe experiments to test the
proposed models. Section 5 tests whether the model proposed in Section 2 works in
a laboratory setting. We implicitly assume that the price is determined where the
demand is equal to the supply, but we cannot determine the prices and quantities
without having a concrete trading rule in the laboratory. An important issue is what
trading rule should be chosen. Section 6 describes an experiment by Mitani, Saijo
and Hamaguchi (1998) that uses the Mitani mechanism. The subjects in this experi-
ment did not choose the subgame perfect equilibrium strategy, but rather cooperated
with one another to attain a Pareto superior outcome. We consider the tension
between theory and these experimental results and consider why the mechanism did
not work well. Finally, Section 7 provides concluding remarks.

2. A SIMPLE MICROECONOMIC APPROACH

Suppose that n countries are involved in emissions trading. Let MACi(xi) be a mar-
ginal abatement cost function of country i, where xi is the amount of green house
emissions of i. Suppose, further, that the assigned amount of country i determined
by the Kyoto Protocol is Zi, and the amount of emissions before trading is Yi. We
assume that each country treats the price of emissions permits parametrically. In
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Figure 1. Determination of GHG Emissions

what follows, we define the profit of each country by the surplus earned relative to
the cost of achieving the assigned amount.

Consider first the supplying country in Figure 1-1. The horizontal axis shows the
amount of emissions of GHGs, and the vertical axis gives the marginal cost. Country
i must reduce its emissions of GHGs from Yi to Zi in order to attain the target of the
Kyoto Protocol. On the other hand, this country could obtain profits from the emissions
permit price, p, by selling permits after reducing its GHGs by more than required in
the Kyoto target. This country should consider this fact when deciding on the amount
of allowable GHG emissions, xi, in that country. First, the country’s total revenue
becomes p(Z(( i − xi). Although the real cost is the area between the marginal abatement
cost curve and the line segment, Yi − xi, we define the profit function as

π i(x(( i) = p(Z(( i − xi) − �
xi

iZ

MACi(t) dt, (1)

since we consider the profit after attaining the Kyoto target. The shadowed area in
Figure 1-1 shows π i(xi).

Next, consider the demanding country for emissions permits. As Figure 1-2
shows, the domestic reduction cost to attain the Kyoto target is the area between the
marginal abatement cost curve and the segment Yi − Zi. On the other hand, reducing
emissions by Yi − xi and then buying emissions permits for xi − Zi under the price
p makes the payoff

�
Z

Y

i

i

MACi(t) dt − �
xi

iY

MACi(t) dt − p(xi − Zi),

which coincides with (1). The payoff (or profit) corresponds to the area α − β.
Notice that the profits or surplus of Figures 1-1 and 1-2 are not maximized under p.
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In what follows, we assume that each country maximizes its surplus. Differentiating
(1) with respect to xi, and then finding the maximum, x i*, we have the first-orderi

condition

p = MACi(x i*). (2)i

Furthermore, the sum of emissions for each country must equal the sum of the
assigned amount for each country. Thus, we have

∑ x i* = ∑ Zi. (3)

Therefore, (p*, (x 1*,1 x 2*, . . . ,2  x n*)) satisfying (2) and (3) is a n competitive equilibrium.
Since the first-order condition (2) does not depend on the initial position of emis-
sions, Yi, the competitive equilibrium does not depend on the initial position or the
present amount of emissions from each country. Furthermore, the competitive equi-
librium is independent of the distribution of the assigned amounts for each country
as long as the total sum of the assigned amounts, ∑ Zi, which is the right-hand side
of (3), is fixed. Of course, the initial position and the assigned amount do influence
how much cost each country must bear.

Figure 2 illustrates a competitive equilibrium in emissions trading. By super-
imposing the dotted vertical axis of Figure 1-2 on the dotted vertical axis of
Figure 1-1, we create Figure 2 in which the vertical axis at the assigned amount
corresponds to these dotted vertical axes. Country 1 reduces its GHG emissions
more than the assigned amount and then sells the excess amount over the assigned
amount to Country 2. On the other hand, Country 2 reduces emissions by up to
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Figure 2. Emissions Trading and the Competitive Equilibrium
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x 2* and then buys emissions permits from Country 1. The marginal abatement cost2

of each country equals to the competitive equilibrium price.
Consider now a social welfare problem in which the total sum of the reduction

costs of all countries is minimized under the condition where the sum of emissions
of all countries is equal to the sum of assigned amounts of all countries:

min
x

x

n

i

i

�
Y

1
∑ MACi(t) dt subject to ∑ xi = ∑ Zi,

where x = (x1x2, . . . , xn). If x* = (x 1*,1 x 2*, . . . ,2 x n*) is a solution to this problem, wen

have MACi(x i*)i = MACjC (x j*) for all j i and j. Consider next a problem where the
sum of profits of all countries is maximized under the same condition. Then, the
sum becomes

1

n

∑ p(Zi − xi) − min
x

x

n

i

i

�
Z

1
∑ MACi(t) dt,

since ∑xi = ∑Z i, ∑ 1
np(Z(( i − xi) must be zero for any price p. Therefore, the

maximization problem of the sum of profits of all countries becomes

max
x

− �
x

n

i

iZ

1
∑ MACi(t) dt subject to ∑xi = ∑Zi.

That is, the profit maximization problem is exactly the same as the cost minimiza-
tion problem. Hence, the solution must satisfy MACi(x(( i*)i = MACjC (x j*) for allj i and j.
This also implies that the sum of surpluses (or profits) of all countries is maximized
as Figure 2 shows. Summarizing the above results, we have

Proposition 1:
(1) The price of an emissions permit is equal to the marginal abatement cost of each
country (p* = MACi(x i*) for alli i ), and the sum of emissions of all countries is equal
to the sum of the assigned amounts of all countries at a competitive equilibrium
(∑ x i* = ∑ Zi).
(2) By minimizing the sum of reduction costs of GHGs of all countries under
∑ xi = ∑ Zi, we have MACi(x i*)i = MACjC (x(( j*) for all j i and j.
(3) The sum of the reduction costs for GHGs of all countries is minimized under a
competitive equilibrium.
(4) The sum of surpluses of emissions trading is maximized under a competitive
equilibrium.
(5) The competitive equilibrium price and allocation are independent of the initial
amount of GHG emissions.
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(6) The competitive equilibrium price and allocation are independent of the dis-
tribution of the assigned amounts as long as the sum of the assigned amounts of all
countries is fixed.

One of the most controversial issues in emissions trading is the so-called “hot
air.” Although, for example, Russia’s assigned amount is 100% of its GHG emis-
sions in 1990, it is estimated that the amount of emissions would be considerably
less than the assigned amount after 2008 because of economic stagnation. This
implies that Russia could sell emissions permits without actually reducing its GHGs
domestically and that buyers of the permits could in turn increase their emissions.
This amount of emissions is called “hot air.” In Figure 1, Zi − Yi is hot air as long as
Yi is on the left-hand side of Zi. This hot air issue cannot be solved by using
emissions trading since the competitive equilibrium allocation is determined inde-
pendently of hot air as Proposition 1-(5) shows. In other words, the sum of emis-
sions of all countries must be equal to the sum of the assigned amounts of all
countries as long as we use emissions trading3.

The above is a prototype of emissions trading from the viewpoint of micro-
economics. We implicitly assumed that the emissions permit can be treated as a
private good. However, greenhouse gases are public goods (or “bads”). Behind this
approach, we further assume that we can analyze public goods as private goods by
introducing a market for emissions permits. But the characteristics of public goods,
i.e., non-rivalness and non-excludability, would not disappear with the emissions
permit market. In the case of a private good, a transaction is completed if a seller
delivers the good to a buyer and the buyer pays for it. On the other hand, in the
case of a emissions permit, a seller must reduce GHGs at least by the amount sold
and a buyer can emit GHGs by at most the amount bought in addition to the
usual transaction of a private good. That is, GHG emissions and reduction must be
monitored. It is claimed that actual monitoring of GHG emissions is not an easy
task. Furthermore, a time lag exists between the actual emissions and the data
collection of the monitoring system even when assuming that the monitoring is
perfect. Between these two times, the price of an emission permit will fluctuate in
the market. If monitoring and its verification are considerably costly, we cannot be
certain that the market for emissions trading minimizes the total costs of emissions
reduction.

I did not describe the case when a country emits more than the assigned amount.
If this were the case, the violation of the Kyoto target would benefit that country
and, at the same time, reduce the country’s political trust. That is, that country
should emit as much as possible to maximize its economic benefit. In other words, the
above model implicitly assumes that there exists some penalty for non-compliance.
That is, all countries participating in emissions trading must agree upon a penalty
system including the levying of penalties and the form of the organization that levies
the penalties. The penalty system necessitates additional costs.

We implicitly assumed that each country treats prices parametrically. However,
it is expected that the quantities demanded by Japan and the quantities supplied by
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Russia will be relatively large. If they exercise their market power, it is possible
that the total surplus will not to be maximized. We will reconsider this problem in
Section 5.

The model described in this section is static. Further, we assume that each
country can move on the marginal abatement cost curve freely. However, it usually
takes quite a long time to replace current facilities and equipment. Moreover, the
emissions reduction investment might be irreversible. That is, one can move from
right to left on the marginal abatement cost curve, but not in the opposite direction.
Therefore, marginal abatement costs might not be equalized.

3. A SOCIAL CHOICE APPROACH: STRATEGY-PROOFNESS

Consider a mechanism that determines an allocation through gathering information
that each agent has. Under this mechanism, country i reports its own marginal
abatement cost curve, MACi, to an administrative institution of the United Nations.
The institution recommends a competitive equilibrium allocation based upon the
reported marginal abatement cost curves. Let ft iff (MAC1, . . . , MACnC ) be country i’s
surplus accruing from the competitive equilibrium allocation when country i
announces MACi, and let f = ( f1ff , . . . , fnff ), be a surplus function.

Each country may not necessarily have an incentive to reveal its true marginal
abatement cost curve, but the request that each country announces the true marginal
abatement cost curve is called strategy-proofness. Let MAC* be countryi i’s true
marginal abatement cost curve. Then, a surplus function, f = ( f1ff , . . . , fnff ), satisfies
strategy-proofness if, for each country, I, it satisfies

(*)
fiff (MAC1, . . . , MACi−1, MAC i*,i  MACi+1, . . . , MACnC ) for all MACjC
≥ fiff (MAC1, . . . , MACi−1, MACi, MACi+1, . . . , MACnCC ) ( j = 1, . . . , n).

That is, strategy-proofness means that announcing the true marginal abatement cost
curve is the dominant strategy for all i.

Strategy-proofness is a strong condition since it requires that revealing the true
marginal abatement cost curve is the best strategy regardless of the revelations of
the others. On the other hand, it would be natural to consider that country i would
change its strategy depending on the strategies of the others. This is in the spirit of
the Nash equilibrium. Therefore, requiring that the revelation of the true marginal
cost curve constitutes a Nash equilibrium, we have

(**)
fiff (MAC*1, . . . , MAC*i−1, MAC*i, MAC*i+1, . . . , MAC*n)
≥ fiff (MAC*1, . . . , MAC*i−1, MACi, MAC*i+1, . . . , MAC*n)

for all MACi

for each i. It is clear that the revelation of true marginal cost curve is a Nash
equilibrium if the surplus function satisfies strategy-proofness. It may seem that
condition (**) is weaker than (*), but these two conditions are in fact equivalent.
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Proposition 2 (Dasgupta, Hammond and Maskin, 1979): A surplus function satisfies
strategy-proofness if and only if the revelation of the true marginal cost curve for
each country, i, is a Nash equilibrium.

We will show that a surplus function does not satisfy strategy-proofness by
using Proposition 2. For this purpose, it is sufficient to show that a country could
benefit by announcing a false marginal abatement cost curve in a certain profile
of true marginal abatement cost curves. Let the solid curves be true marginal
abatement cost curves in Figure 3. Assume that country 2 reveals its true marginal
abatement cost curve and country 1 announces a false marginal abatement cost
curve, shown as a dotted curve. Then, the competitive equilibrium price under this
condition becomes P ′, which is higher than the true competitive equilibrium price.
Due to this price increase, the quantity supplied would be less than that of the true
competitive equilibrium. Therefore, this reduces the surplus of country 2 by α. Onα
the other hand, country 2 increases its profit by β (β = (P ′ − P*) × the quantity
supplied) due to price increase that surpass the loss. Therefore, country 2 could
benefit by not revealing its true marginal abatement cost curve. Hence, we have the
following proposition.

Proposition 3: A surplus function does not satisfy strategy-proofness.

Johansen (1977) criticized the research program that considers resource alloca-
tion through revelation of functions. Among other things, he pointed out that public
goods have never been provided through revelation of utility functions and produc-
tion functions. Rather, he argued that they have been provided through political
processes such as representative systems. Therefore, he indicated that research on

Figure 3. A surplus function is manipulable
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public good provision in democratic societies was necessary. Although he expressed
this opinion more than twenty years ago, very little progress has been made since then.

There are many ways to evaluate Proposition 3, but we interpret this proposition
as saying that the surplus function is manipulable even though transmission of
marginal abatement cost curves can be done at a nominal cost through technological
innovation. Additional evaluation follows in the next section.

4. MECHANISM DESIGN APPROACH

We consider an emissions allocation problem through the revelation of marginal
abatement cost curves assuming that each country does not know the marginal
abatement cost curves of the other countries. However, once the emissions trading
starts, each country roughly knows the marginal abatement cost curves of the other
countries. As Proposition 2 indicates, there is no incentive for each country to reveal
its true marginal abatement cost curve since strategy-proofness is equivalent to the
condition in which the revelation of true marginal abatement cost curves is a Nash
equilibrium. Therefore, apart from the revelation of curves, which requires quite a
lot of information, it is worthwhile to consider an allocation problem in which the
transmission of prices and quantities of emissions permits is allowed to attain the
competitive equilibrium. In what follows, we show that a two-stage mechanism
called the Mitani mechanism (1998) attains the competitive equilibrium allocation
through information transmission of prices and quantities.4 The Mitani mechanism
works if the number of participants is at least two. That is, the mechanism can over-
come the problem of a small number of participants. As stated in Section 2, a country
may exercise its market power when the number of countries is small. Even under
this condition, the Mitani mechanism attains a competitive equilibrium allocation.

Consider the Mitani mechanism with two countries, 1 and 2. In the first stage,
each country announces a price simultaneously. The dotted ellipse in Figure 4 shows
that country 2 does not know the price announcement of country 1. Country 2 must

Figure 4. The Mitani mechanism
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evaluate its transaction of emissions permits from the announced price, p1, of coun-
try 1, and vice versa. In the second stage, knowing p1 and p2 in the first stage,
country 1 announces the quantity, z, of emissions permits.

We define the payoff functions of countries 1 and 2 in the Mitani mechanism.
For simplicity, we suppose that country 1 is a supplier of emissions permits and
country 2 is a demander. Following Section 2, we define the payoff functions in
comparison with the case when each country attains the assigned amount domestically.
Let z be the quantity supplied by country 1. Then, the cost of reducing from Z1 by z is

C1(z) = �
Z

Z

1

1

−z

MAC1(t) dt. (4)

Since Z1 is the assigned amount of country 1, the cost for country 1 is a function
of z. On the other hand, since the quantity supplied that is determined by country 1
becomes the quantity demanded by country 2 in the Mitani mechanism, the gross
payoff of country 2 is

C2CC (z) = �
Z

Z

2

2+z

MAC2CC (x) dx. (5)

Following the above, the payoff function, gi, becomes

g1(z, p1, p2) = −C1(z) + p2z − k(p1 − p2)
2 where k > 0

(6)
g2(z, p1) = C2CC (z) − p1z

Country 1 sells its excess reduction, z, beyond its assigned amount to country 2. The
price of this transaction is the price that is announced by country 2 in stage 1.
The revenue from this transaction is p2z, and the last term, k(p1 − p2)

2, in g1 is a
penalty term to make country 1 announce the same price announced by country 2.
Country 2 buys z with p1 announced by country 1.

Consider now how the Mitani mechanism works. First, consider the second
stage. Country 1 determines z to maximize the payoff. Therefore, differentiating
g1 with respect to z and equating the result to zero, we have p2 = C ′1(z). That is, z is
determined depending on p2, which is determined in the first stage. Therefore, we
can regard z as a function of p2. That is, z = z(p2). By substituting this expression
with p2 = C ′1(z) and differentiating with respect to p2, we have z ′(p2) = 1/C 1″. As long
as C1″ ≠ 0, z ′(p2) is not zero.

Consider now how country 1 behaves. Country 1 determines p1 to maximize the
payoff. That is, by differentiating g1 with respect to p1, we have p1 = p2. On the other
hand, country 2 chooses p2 to maximize the payoff taking into account the behavior,
z(p2), of country 1. That is, by substituting z(p2) into g2 and differentiating with
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respect to p2, we have C ′2 · z ′(p2) − p1z ′(p2) = z ′(p2)(C ′2 − p1) = 0. Since z ′(p2) is not
zero, we have p1 = C ′2(z).

Therefore, we have p1 = p2 = C ′1(z) = C ′2(z). From (4), we have C ′1(z) =
MAC1(Z1 − z) and, from (5), we have C ′2(z) = MAC2CC (Z2 + z). That is, we have p1 = p2

= MAC1(Z1 − z) = MAC ′2(Z2 + z). This is exactly the same expression as Proposition
1-(1). This proves that the Mitani mechanism achieves the competitive equilibrium
allocation in subgame perfect equilibrium.

The Mitani mechanism consists of a payoff function and a game tree as depicted
in Figure 4. If marginal abatement cost curves, MAC1 and MAC2CC , are given, we
have a subgame perfect equilibrium (p1, p2, z). The subgame perfect equilibrium
of the Mitani mechanism is unique. Let the set be N sp(MAC1, MAC2CC ). We write
g · N sp(MAC1, MAC2CC ) as the evaluation of the set by g. Then, we have

f (MAC1, MAC2CC ) = g · N sp(MAC1, MAC2CC ). (7)

That is, the payoff function coincides with the surplus function under the Mitani
mechanism. In other words, the Mitani mechanism implements the surplus function,
f,ff in subgame perfect equilibrium if (7) holds for any (MAC1, MAC2CC ).

Let us find the set of Nash equilibria of the Mitani mechanism. Since the strat-
egic variables of country 1 are p1, z, by differentiating g1 with respect to p1 and z,
we have

∂
∂

∂
∂

g z p p∂
p∂

k p p
g∂

z∂
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1
2p 2p
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On the other hand, although the strategic variable of country 2 is p2, this variable
does not affect the payoff of country 1. That is, the payoff of country 2 does not
depend on the announcement of p2. Therefore, any triple (p1, p2, z) satisfying p1 = p2

= C ′1(z) is a Nash equilibrium of the Mitani mechanism. By requiring C ′1(z) = C ′2(z)
in addition to the condition, we obtain a subgame perfect equilibrium. That is, the set
of subgame perfect equilibria is a proper subset of the set of the Nash equilibria.
Therefore, the Mitani mechanism cannot implement the surplus function under a
Nash equilibrium.

We implicitly assume that there must exist a central body that determines who
the participants in the mechanism are, collects information, and conducts resource
allocation based upon the information that the mechanism requires. In particular,
participants must be all countries in the case of global warming, but some country
may not want to participate in and benefit from the reduction of greenhouse gases by
other countries.5 As for the collection of information, a participant may not transmit
the information required by the mechanism to the body even though the part-
icipant agrees to participate in the mechanism. When participants announce their
willingness to participate in the mechanism, the central body must have some power
to collect information about the strategies of the participants under the framework of
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social choice or the mechanism design approach. These two approaches implicitly
assume that there exists a body with central power.6 We consider the validity of the
Mitani mechanism in the following section.

5. AN EXPERIMENTAL APPROACH

Even though we have succeeded in constructing a theoretical mechanism, we are not
certain that it works. Using it in the real world would be risky since the economic
damage from a possible failure would be unbearable. Furthermore, we would not be
able to determine whether the failure of the mechanism is due to some flaw in the
mechanism or some other outside factors. An alternative way to assess the perform-
ance of the mechanism is a laboratory experiment. We construct an experimental
model out of the theoretical model. Usually, theory does not indicate the number of
agents in the model, the exact shape of the functions used in the model, and what
types of information each agent has. In an experimental model, these variables must
be specified. Depending on how we assign these parameters, we have many possible
cases. Our methodology calls for recruiting subjects and paying them contingent
upon their performance. By conducting several experiments and then comparing the
results, we can understand the effects of these parameters.

We utilize two experiments conducted by Hizen and Saijo (2001) and Hizen,
Kusakawa, Niizawa, and Saijo (2000), whose models of the experiments are based
upon the microeconomic approach in Section 2. Section 6 describes an experiment
that Mitani, Saijo, and Hamaguchi (1998) designed to assess the performance of the
Mitani mechanism.

The main question of the experiments by Hizen and Saijo (2001) and Hizen,
Kusakawa, Niizawa, and Saijo (2000) is whether the total surplus is maximized
under emissions trading. The emissions trading model in Section 2 implicitly
assumes that transactions are conducted under a competitive equilibrium, but the
surplus of each country can be different from the surplus at the competitive equilib-
rium depending on the methods of transaction. In order to avoid problems due to
non-compliance to the assigned amounts, Hizen and Saijo (2001) designed their
experiment so that the assigned amounts are always satisfied in the course of
transactions and compared two trading institutions, namely, the double auction and
bilateral trading. On the other hand, Hizen, Kusakawa, Niizawa, and Saijo (2000)
explicitly incorporated non-compliance and decision making on domestic reductions
into their experiment.

Prior to Hizen and Saijo (2001) and Hizen, Kusakawa, Niizawa, and Saijo (2000),
Bohm (1997) conducted an important emissions trading experiment. He recruited
bureaucrats from the Ministry of Energy and specialists from Finland, Denmark,
Norway, and Sweden, and then conducted an emissions trading experiment in which
each country could buy and sell emissions permits under bilateral trading. Thed
subjects knew the marginal abatement cost curves of other countries, but not the true
curves. It took four days to complete a single period by using facsimile commun-
ication to exchange information on prices and quantities. The average transaction
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price was very close to the competitive equilibrium price and the efficiency was
97%, which is quite high. Many economists have expressed the opinion that it is
difficult to attain efficiency if a trading agent is a country as a unit, but Bohm has
shown that it is possible to attain high efficiency when countries are the players.

I start with an overview of the common features of the experiments of Hizen and
Saijo (2001) and Hizen, Kusakawa, Niizawa, and Saijo (2000). Six subjects part-
icipated in a session. The subjects were supposed to represent Russia, Ukraine, the
US., Poland, the EU, and Japan. In the experiments, no country names were given
to subjects. Subjects must have assumed that they were engaged in transactions of an
abstract commodity. Figure 5 shows the marginal abatement cost curves used in the
experiments. The origin is the assigned amount for each country. In the experiments
on information disclosure on the marginal abatement cost curves, every subject had
Figure 5 at hand. On the other hand, in the experiments on information concealment,
each subject only knew his/her marginal abatement cost curve.

Two trading methods were used in the experiments. The first one was bilateral
trading. Two out of six subjects made a pair and then negotiated the price and
quantity of the emissions permits. The maximum number of pairs was three because
of the limit of six subjects. During the negotiation, subjects were not allowed voice
communication, but communicated by means of writing the numerical values of
price and quantity. Written responses of “yes” and “no” were allowed. Once a pair
reached an agreement, the pair was supposed to inform the experimenter. In the case
of disclosure of information of the contract, the experimenter wrote the information
on the blackboard and announced it to every subject. The pair again returned to the
floor to seek other contracts. This procedure lasted up to 60 minutes.
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Niizawa, and Saijo



60 Experimental Business Research Vol. II

Table 1. An Example of the Double Auction

Buyers’ Bids Sellers’ Asks

(3) $56, 20 units (6) $104, 15 units
(1) $86, 13 units (4) $92, 20 units
(2) grabs (4)′ ask

The second method was a double auction. Six subjects were placed together.
Subjects who wanted to sell announced the price and quantity, and subjects who
wanted to buy made similar announcements. Table 1 shows an example of the
auction. A subject who wanted to announce price and quantity raised his/her hand.
The experimenter called on the subject (subject 3 in the example since he/she was
the first person to raise his/her hand). The subject then called out that he/she wants
to buy 20 units at $56 for each unit, and the experimenter wrote the information on
the blackboard. Right after this announcement, another subject (subject 6 in the
example) announced his/her willingness to sell 15 units at $104 for each unit. Since
the spread of the price difference was quite high, subject 1 announced his/her will-
ingness to buy 13 units at $86. Then, subject 4 announced his willingness to sell
20 units at $92. Right after this announcement, subject 2 accepted the offer from
subject 4. The maximum number of units was 20. This process then continued. An
important feature of the double auction is that each subject receives the information
of the announcements simultaneously. In contrast, in the case of bilateral trading
only a pair knows the information as long as the experimenter does not reveal it.

Next, we consider the Hizen and Saijo’s (2001) experiment. In order to avoid the
non-compliance problem, the starting point of the transaction for each subject was
the assigned amount (see squares at the vertical axis going through the origin in
Figure 6). When this is the case, the target of the Kyoto Protocol is automatically
satisfied at any point in the transaction. As Propositions 1-(5) and 1-(6) show, the
competitive equilibrium in Figure 2 coincides with the one in Figure 6. The squares
in Figure 6 show the initial points of transactions. Furthermore, Hizen and Saijo
assumed that subjects can move on the marginal cost curves freely in order to
avoid investment irreversibility in which a subject cannot go back to the left once
he/she decides to choose a point on the curve.

Subjects were paid in proportion to their performance in the experiment. In
the Hizen and Saijo’s (2001) experiment, subjects were instructed about how they
could obtain monetary reward by showing them a sample graph such as Figure 7.
The point of departure was the assigned amount in Figure 6 that corresponded to
“your position” in Figure 7. Consider, as an example, the upper central graph in
Figure 6. The horizontal line shows the price line. Since the marginal abatement cost
is higher than the emissions permit price, the subject can benefit by buying a permit.
If he/she succeeds in buying the permit up to the intersection point between the

...
.

...
.
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Table 2. Controls in Hizen and Saijo’s Experiment

Marginal Abatement Cost
Curve Information

Disclosure (O) Closure (X)

Disclosure

Bilateral Contract
(O) OO OX

Trading Information
Closure

(X) XO XX

Disclosure (O) Closure (X)
Double Auction

O X

marginal cost curve and the price line, he/she could obtain the benefit corresponding to
the benefit area in Figure 7. After the transaction, the position of the subject moves.
A new transaction starts from this new position. Figure 7 shows all the possible cases.

Consider next the controls in Hizen and Saijo’s experiment. In the bilateral
trading setting, two controls were used. The first was the marginal cost curve informa-
tion depending on if the subjects knew all the marginal cost curves. The second
was the contract information depending on the concealment or disclosure of the
contracted price. Although the assumption that each country knows all the marginal
abatement cost curves is unrealistic, we employed it because Bohm (1997) observed
high efficiency under the condition that every country knows the curves fairly well.
By comparing the results with full information of marginal abatement cost curves
to the ones with only private marginal abatement cost information, we can measure
the effect of the information disclosure. In the case of the double auction, only
the marginal abatement cost information control is employed since the contract
information is available to every country. For each cell in Table 2, at least two
sessions were conducted with different sets of subjects.

Consider Hizen and Saijo’s (2001) experimental results from the viewpoint of
efficiency. As Proposition 1-(4) shows, the total surplus is maximized at the com-
petitive equilibrium. That is, the total surplus accruing from any trading rule cannot
exceed the total surplus of the competitive equilibrium. Therefore, define a measure
of efficiency as follows:

The sum of the surplus of all subjects

The total surplus of the competitive equilibrium

sum of the surplus of all

total su plus of the competitive

Therefore, the maximum efficiency is one or 100%. In the Hizen and Saijo’s (2001)
experiment, the competitive equilibrium price is between 118 and 120. Therefore,



CHOOSINGCC A MODEL OUT OF MF ANYMM PY OSSIBLE AE LTERNATIVES 63

we take the average 119 as the competitive equilibrium price. When the transaction
is conducted under this price, the total sum of the surplus is 6990. The first row in
Table 3 shows the trading rule, and the second shows the names of the sessions.
For example, “OX2” under bilateral trading indicates the disclosure of contract
prices, the closure of marginal cost curve information, and the second session of this
condition. That is, “O” indicates “disclosure” and “X” indicates “concealment.” The
first digit indicates the contract information; the second one indicates the marginal
cost curve information; and the last digit indicates the session number. Since the
contract information is disclosed in the double auction, “X1” indicates the concealment
of the marginal cost curve information and the first session of this control. The
number in the leftmost column indicates the subject number; the number in paren-
theses indicates the surplus obtained by the subject at the competitive equilibrium.
In each cell, the upper number is the surplus that the subject actually obtained in
the experiment, while the lower number is the individual efficiency. For example,
the individual efficiency of subject 1 is 0.732, which is obtained by the ratio of the
surplus at the competitive equilibrium (2555) to the actual surplus (1870). The
individual efficiency is different from the session efficiency.

The former may exceed one since the distribution of total surplus depends on
how the transactions are carried out although the total sum of the surplus cannot
exceed 6990. Some subjects might have low efficiency since they sell their emissions
permits for less than the competitive price. On the other hand, some might attain
high efficiency by buying permits at low prices. In the experiment, the maximum
monetary reward was 7600 yen, the minimum 2000 yen, and the average 3459 yen.

As Table 3 shows, the efficiency of each session was quite high except for the
“XO1” session. Subject 5 in this session traded even though he/she suffered consid-
erable losses. On the other hand, individual efficiencies varied even in subjects who
had the same i.d. number. In bilateral trading, Russia’s efficiencies were lower than
those of the competitive equilibrium, and Poland’s efficiencies were higher than
those of the competitive equilibrium. We cannot say that the efficiencies of the other
countries were statistically different from one another. On the other hand, under the
double auction, the efficiencies of the US were higher than those of the competitive
equilibrium, Poland’ efficiencies were higher than those of the competitive equilib-
rium, and the efficiencies of the others were statistically close to one.

Consider now the efficiency dynamics over time. Under bilateral trading, the
efficiencies of all sessions, except for session XX2, exceeded 80%, and the effici-
encies immediately after 25 minutes exceeded 90% in six out of eight sessions. The
efficiencies increased monotonically, but the efficiency of session OX2 fluctuated
since one subject bought permits at a loss and then sold some of them at a relatively
high price. Under the double auction, the efficiencies of all sessions, except for
session X2, exceeded 70% immediately after 17 minutes and exceeded 90% after
44 minutes. They increased monotonically, but we observed a decrease in the X
sessions after achieving 100%. For example, in session X2, one subject sold permits
at a loss while expecting to buy them at a relatively low price, but could not. Such
losses were not observed when the marginal cost curve information was disclosed.
These results led to the following observation:
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Observation 1.
(1) The efficiency of bilateral trading is almost one, regardless of concealment or
disclosure of price and marginal abatement cost information.
(2) Russia’s efficiency is low; Poland’s efficiency is high; and the efficiency of the
other countries is close to one.
(3) The efficiency of allocation in 6 of 8 sessions was more than 90% after
25 minutes.

We employed the following method to check the convergence of the transaction
prices. If the variance of the last three transactions was significantly smaller than that
of the first three transactions, we said that the transaction price sequence converged.
We also regarded the average of the prices of the last three transactions as the con-
verged price if the sequence converged. This resulted in the following observation.

Observation 2 (Bilateral Trading).
(1) The contracted average prices in the “XX“ ”XX  sessions (concealment of prices
and concealment of marginal abatement cost curves) were roughly equal to the
competitive equilibrium price, but the variances in the contracted prices in the “XX“ ”XX
sessions were larger than those in the rest of the sessions.
(2) The contracted average prices cannot be said to equal the competitive equilib-
rium price in sessions other than the “XX“ ”XX  sessions.
(3) The average price of the last three contracts is not equal to the competitive
equilibrium price in any session.
(4) Convergence of the contracted prices is found in five of eight sessions, but no
information disclosure effect on convergence is observed.

Under bilateral trading, the price that a pair agrees on is determined by the
negotiation. Even when the transaction prices are open to every subject, a proposal
such as “let us agree upon the price that is used by other subjects” can be rejected by
the other subject. In other words, negotiation power is an important factor, and,
hence, it would be difficult to say that the sequence converged to the competitive
equilibrium price. On the other hand, in the double auction, the price sequence
converged to the competitive equilibrium price, leading to the following observation:

Observation 3 (Double Auction).
(1) The contracted price sequence converged to the competitive equilibrium price
regardless of concealment or disclosure of the price and marginal abatement cost
information.
(2) The average price in sessions O1, O2 and X1 were close to the competitive
equilibrium price.
(3) The average price of the last three transactions in sessions O1, X1 and X2 were
close to the competitive equilibrium price.

In order to understand the effect of the disclosure of transaction information, we
should compare the results in sessions OO and XO with sessions OX and XX,
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respectively. However, since we found that the variance in the contracted prices in
session OX1 is significantly different from that in session OX2, we excluded them in
the comparison. Instead, we compared sessions OO and XO, where no difference
in variance was observed. Similarly, the effect of the disclosure of the marginal
abatement cost curves can be seen by comparing sessions XO and XX. We found
that the variance in sessions XO is statistically smaller than that in sessions XX.
Summarizing the above results, we make the following observation:

Observation 4 (Bilateral Trading).
(1) Assuming that the marginal abatement cost curves are public information, the
disclosure of contracted prices does not have any impact on the variance of in
contracted prices.
(2) Under the concealment of contracted prices, the disclosure of marginal abate-
ment cost curves reduces the variance of contracted prices.

Let us now consider the effect of disclosure of the marginal cost curve informa-
tion. The variance in the O sessions is smaller than that in the X sessions. Russia,
Ukraine, and Poland are sellers and the US., EU, and Japan are buyers at the
competitive equilibrium. We observed that this happened in the O sessions, but there
was at least one subject who bought and sold permits. The numbers of transactions
were 9, 8 and 7 in sessions O1, O2, and O3, respectively, and they were 11 and 12
in sessions X1 and X2, respectively. Summarizing the above findings, we make the
following observation:

Observation 5 (Double Auction). The disclosure of marginal abatement cost curves:
(1) reduces the variance of contracted prices;
(2) makes Russia, Ukraine and Poland only sell, and the US, EU and Japan only buy;
(3) reduces the number of trades.

Aside from the efficiencies, we can also see how the marginal abatement costs
changed over time. Due to the step-function nature of our marginal abatement
cost curve, we must be careful when evaluating marginal costs. For example, the
marginal abatement cost of Russia in session “OO1” was 90 after 25 minutes. In the
raw data, we find that Russia sold exactly 55 units of emissions allowances in
25 minutes. Therefore, if the subject wanted to sell one more unit, its marginal
abatement cost would have been 120 (see Figure 5). Taking account of this fact, we
make the following observation:

Observation 6.
(1) In bilateral trading, except for the EU subject in session “XO1,“ ” the marginal
abatement costs of all subjects approach the competitive equilibrium price, but the
contracted prices do not.
(2) The Marginal abatement costs of all subjects approach the competitive equilib-
rium price.
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In our double auction experiment, marginal abatement costs converged less
rapidly than in the bilateral trading setting. We conjecture that this arises because
at most one pair in the double auction can trade at the same time while at most three
pairs can do so under bilateral trading.

In order to understand how much market power a country has, we need an
aggregate excess demand curve of all the subjects regarding the marginal abatement
cost curves as the excess demand curves for emissions allowances. In our design, the
competitive equilibrium price range is from 118 to 120, while the excess demand for
permits is zero under this price range. Each country might be able to change the
equilibrium price by increasing (or decreasing) the quantity supplied (or demanded).
If so, and the surplus of this country under the new equilibrium price is greater than
the surplus under the true equilibrium price. Then we say that the country has market
power. After careful examination, we find that the only country that has market
power in our design is the US. Table 3 shows that the benefits of the US were more
than three times larger than the benefit at the competitive equilibrium in two out of
eight sessions under bilateral trading. A statistical test shows that the US did not
exercise its market power in any session. Most probably, the subjects could not exploit
the marginal abatement cost curve information to use their market power. Under
double auction, the individual efficiency of the US is statistically greater than one.

It is remarkable to find that high efficiency was observed even when there
existed a subject who had market power. What would happen if subjects could easily
find out that they have some market power and the transaction is done by double
auction? Bohm (2000) found that the efficiency in this setting is still high, but the
distribution of the surplus is distorted. That is, it is often said that the efficiency of
the market would be damaged when there are countries that have market power, but
this is not confirmed in laboratory experiments. It seems that the double auction
and the typical explanation of a monopoly are totally different from each other. In
a textbook theory of monopoly, a monopolist offers a price to every buyer, and a
buyer must accept or reject the price. The second point is that a country that is
supposed to be a seller under the competitive equilibrium price would be a buyer if
the price of permits were considerably low.

Consider the policy implications of Hizen and Saijo’s experiment. If the main
target of a policy maker is efficiency in achieving the Kyoto target, both bilateral
trading and the double auction can attain this goal. If the policy maker’s target is to
achieve equity so that the same permits must be traded at the same price, the double
auction is better than bilateral trading. If market power is not exercised, then it
seems that bilateral trading is better than the double auction. If the policy maker
believes that the information transaction takes a considerable amount of resources,
then the double auction is better than bilateral trading.

Hizen, Kusakawa, Niizawa and Saijo (2000) focus on two assumptions that are
employed by Hizen and Saijo (2001). The first is that the starting point of the
transaction in Hizen and Saijo is the assigned amount of the Kyoto target. The second
is that a country can move on the marginal abatement cost curve freely. This assump-
tion is made to avoid the non-compliance problem. In Hizen, Kusakawa, Niizawa
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and Saijo’s (2000) experiment, the starting point of the transaction becomes more
realistic as a circle on the marginal cost curve shown in Figure 5. Furthermore, they
impose two restrictions on the movement on the marginal cost curve. A country can
move on it from right to left, but not in the opposite direction. Once a country
spends resources for abatement, it cannot reduce its marginal abatement costs through
increased emissions. This corresponds to investment irreversibility. Once an agent
invests some resources, the agent cannot go back to the original position. The second
restriction is a condition on the decision making on domestic abatement. During
60 minutes of transactions, a country must decide on its domestic abatement deci-
sion within half an hour. This reflects that it takes a considerable amount of time to
reduce emissions after the decision is made. On the other hand, emissions trading
can be conducted any time during the 60 minutes. Under these new conditions, a
country might not be able to attain the assigned amount of emissions. If this is the
case, then the country must pay a penalty of $300 per unit. This is considerably high
since the competitive equilibrium price range is from $118 to 120.

In Hizen, Kusakawa, Niizawa, and Saijo’s (2000) experiment, the marginal abate-
ment cost curves are private information. The trading methods are bilateral trading
and double auction. In bilateral trading, the control is the disclosure of contract price
information (O) or the concealment of this information (X). In the double auction,
this information is automatically revealed to everyone. The rest of the design is the
same as in Hizen-Saijo’s experiment.

Table 4 is similar to Table 3. Let us explain the two numbers under the name of
each country. The US has (55, 50), for example, indicating that the initial point is 55
and the competitive equilibrium point after the transaction is 50 (Figure 5). Now,
consider the two numbers in the data. The numbers for the US in session O4
in bilateral trading is (23, −2). The first number shows that the US conducted 32
(= 55 − 23) units of domestic reduction, which resulted in 23 units on the horizontal
axis by moving the marginal abatement cost curve. In order to comply with the
Kyoto target, the US must buy at least 23 units of emissions permits, but since
the US bought 25 units, this resulted in −2 on the horizontal axis. That is, the US
achieved 2 units of over-compliance.

We have two kinds of efficiency. The first is the actual efficiency attained.
That is, actual efficiency measures the actual surplus attained in each experiment
after assigning a zero value to units of over-compliance and $300 for each unit of
non-compliance as $300. This is shown in the bottom row of Table 5. For example,
the actual surplus of session O4 is 5736 and its efficiency is 0.821. The second kind
of efficiency is the modified efficiency that reevaluates units of over-compliance and
units of non-compliance by using the concept of opportunity costs. Details are given
in Hizen, Kusakawa, Niizawa, and Saijo (2000). This is shown underneath the box
in Table 5. For example, the modified surplus of session O4 is 6596 and its modified
efficiency is 0.944. The average efficiency (the modified efficiency) in the X ses-
sions is 0.605 (0.811); in the O sessions it is 0.502 (0.807); and in the D sessions it
is 0.634 (0.873).

After a careful look at Table 5, we make the following observation.
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Observation 7.
(1) Russia’s domestic reductions were not enough in bilateral trading, but they were
close to the domestic reduction at competitive equilibrium in the double auction.
(2) The US conducted excessive domestic reductions in all sessions.
(3) In bilateral trading, nine cases of over-compliance and three cases of non-
compliance out of 48 cases were observed. On the hand, in the double auction,
five cases of over-compliance and no case of non-compliance out of 24 cases were
observed.

In order to understand the nature of investment irreversibility, Hizen, Kusakawa,
Niizawa, and Saijo (2000) introduced a point equilibrium. In Figure 8, the competi-
tive equilibrium price is P*. If country 2 continues to climb the marginal abatement
cost curve, the price that equates the quantity demanded and the quantity supplied
should go down and it should be P**. We call this “should be” price the point
equilibrium price. Even though the point equilibrium price is P**, countries might
have been trading permits at a higher price than P*.

In each session, we have two pieces of price sequence data. One is the actual
price, and the other is the point equilibrium price. With the help of the point equilib-
rium price, we found two types of price dynamics. The first is the early point
equilibrium price decrease case (or type 1), and the second is the constant point
equilibrium price case (or type 2). We observed five sessions of type 1 and seven
sessions of type 2 out of 12 sessions.

Figure 9 shows two graphs of type 1 and type 2 price dynamics. The top picture
shows a typical case of type 1 and the bottom a typical case of type 2. The horizontal
axis indicates minutes, and the vertical axis prices. The horizontal line indicates the
competitive equilibrium price, and the dark step lines indicate the point equilibrium
prices. A box indicates a transaction. The left-hand side is the seller’s name; the right
hand side is the buyer’s name; and the bottom number indicates the number of units
in the transaction. A diamond indicates the domestic reduction. Consider the top graph
that is for session D2. Up until 15 minutes, we observe many diamonds that indicate

2
01
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domestic reduction. This reduction seems to come from fear of non-compliance of
demanders. This causes the the transaction price to be higher. Even after the point
equilibrium price decreased after 10 minutes, the actual transaction prices were con-
siderably higher than point equilibrium prices. That is, high price inertia was observed.
After half an hour, no domestic reduction was possible and the point equilibrium
becomes zero. We measured the area between the competitive equilibrium price line
and the point equilibrium price curve up to half an hour as the discrepancy area.

In the case of the bottom graph, the starting price was relatively low. Due to
this low price, supply countries did not conduct enough domestic reduction. After
10 minutes and until 30 minutes, the demand countries conducted considerable
domestic reduction. In this case, the point equilibrium price curve coincided with
the competitive equilibrium price line. That is, the discrepancy area was zero.

Figure 10 illustrates the relationship between the modified efficiency and the
discrepancy area. By cluster analysis, we have found two groups, type 1 and type 2.
Although the number of sessions was quite small, within the same type, it seems that
efficiencies of the double auction were higher than those of bilateral trading and
that information disclosure increased the efficiency. Summarizing these findings,
we make the following observation:

Observation 8.
(1) Two types, i.e., the early point equilibrium price decrease case and the constant
point equilibrium price case were observed.
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(2) Excessive domestic reduction was observed in both types.
(3) In both types, efficiencies in the double auction were higher than those in bilat-
eral trading.
(4) In type 1, we observed high price inertia and a sudden price drop.
(5) In type 2, insufficient domestic reduction from the supply countries caused ex-
cessive domestic reduction from the demand-countries.

The sudden price drop observed in Observation 8–(4) would be overcome by
banking, which is allowed in the Kyoto Protocol. Muller-Mestelman (1998) found
that banking of permits had some power to stabilize the price sequence. Further-
more, under either trading rule, early domestic reduction resulted in type 1 and
caused a efficiency lower than that of type 2. It seems that haste makes waste.

6. EXPERIMENTAL APPROACH (2)

This section describes the experimental results of Mitani, Saijo, and Hamaguchi
(1998) who studied the Mitani mechanism. In their experiment, they specify cost
C1(z) and C2CC (z), as follows.

C1(z) = 37.5 + 0.5(5 + z)2, C2CC (z) = 15z − 0.75z2.

Furthermore, the penalty function of country 1 is specified by

d p p
p p

K p p
K) p p

p

p
,    .K2pp

2p

2p

0
0

⎧
⎨
⎧⎧

⎩
⎨⎨ >

if

if
where

Thus, if countries 1 and 2 announce the same price, then the penalty is zero; if not,
then the fixed amount of penalty is imposed on country 1. Therefore, the payoff
functions of the mechanism become

g1(z, p1, p2) = −C1(z) + p2z − d(p1, p2).

g2(z, p1) = C2CC (z) − p1z

Even with modification of the Mitani mechanism, the subgame perfect equilibrium
would not be changed. Applying the condition of subgame perfect equilibrium to the
Mitani mechanism, p1 = p2 = C ′1(z) = C ′2CC (z), we have C ′1 = 5 + z, C ′2CC = 15 − 1.5z, and
hence z = 4. That is, p1 = p2 = 9.

The experimental test of the Mitani mechanism is designed so that each agent is
supposed to minimize the cost. Therefore, by putting a minus sign in the payoff of
country 1, we have

The total cost of country 1 = 37.5 + 0.5 × (5 + the units of transaction)2 − (the price
that country 2 chose) × (the units of transaction) + the charge,
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where the charge term is d(p1, p2). We regard the payoff of country 2 as the surplus
accruing from buying emissions permits from x*2 to the assigned amount (* Z(( 2) as
shown in Figure 2. On the other hand, in the Mitani, Saijo, and Hamaguchi’s
experiment, the sum of the cost-reducing emissions from Y2 to x*2 and the payment*
p*(x*2 − Z2) for emissions are the total cost. This does not change the subgame
perfect equilibrium of the Mitani mechanism since it merely changes the starting
point for either the payoff or cost. When Y2 = 10, C2CC (10) − C2CC (z) = 75 − 15z + 0.75z2

= 0.75(10 − z)2 is the cost of reducing the amount of emissions from Y2 to x*2.
That is,

The total cost of country 2 = 0.75 × (10 − the units of transaction)2 + (the price that
country 1 chose) × (the units of transaction).

When no transaction occurs, the total cost of country 1 is 37.5 + 0.5 × 52, which
equals 50 and the total cost of country 2 is 0.75 × 102, which is 75, where the charge
term is zero.

Let us review the experiment. Two sessions were conducted, one for K = 10 and
the other for K = 50. Each session included 20 subjects who gathered in a classroom
and divided into 10 pairs. Each subject could not identify the other dyad member.
During the experiment, “emissions trading” were not used. Country 1 in the above
corresponded to subject A, and country 2 to subject B. The experimenter allotted
5 units of production to Subject A and 10 units to subject B. Then the transaction
of allotted units of production was conducted by a certain rule (i.e., the Mitani
mechanism). The allotted amounts corresponded to the reduction amounts in theory.
In order to prepare an environment in which one subject (A(( ) knew the production
cost structure of the other subject (B), we explained the production cost to both
subjects, and then conducted four practice rounds. Two were for subject A and two
for subject B. Right before the real experiment, we announced who was subject A
and who was B. Once the role of the subjects was determined, it remained fixed
across 20 rounds.

Table 6 displays the total cost tables for subject A. The upper table is the payoff
table for subject A. The payoff for subject A is determined by pB, announced by
subject B and the amount of transaction, z, by subject A without considering the
charge term. If the prices announced by both subjects were different, subject A paid
the charge. Subject A could also see the payoff table for subject B, which is shown
in the bottom table in Table 6. The payoff for subject B is determined by pApp  and z is
announced by subject A. That is, subject B cannot change his or her own payoff by
changing pB. We will find the subgame perfect equilibrium through Table 6. Subject
A first solves the optimization problem in stage 2 and then chooses a z that min-
imizes the total cost of subject A depending on the announcement of pB by subject B.
This is z = z(pB). For example, if pB = 6, then z = 1. The diagonal from the upper left
to the bottom right corresponds to z = z(pB) in Table 6. In stage 1, subject A should
announce pAp = 6, since pB = 6, to avoid the charge. However, these announcements
are not a subgame perfect equilibrium. When pA = 6, z = 6 makes the cost of subject
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B the minimum. Then, subject B would choose pB = 11 since subject B incorporates
the behavior of subject A, that is, z = z(pB). Therefore, z = 1 and pA = 6 are not the
best responses to subject A since subject A could avoid the charge by announcing
pB = 11. That is, z = 1 and pAp = pB = 6 are not a subgame perfect equilibrium. Con-
sider now that subject B announces pB = 9. Then, subject A would choose z = 4
so that subject A could minimize his or her total cost. On the other hand, subject
B would announce pApp = 9, which is the same as the announcement of subject A.
Then, subject B would notice that z = 4 would minimize the total cost under pApp = 9.
In order for subject A to choose z = 4, subject B announces pB = 9 taking into
account z = z(pB). That is, z = 4 and pA = pB = 9 are the subgame perfect equilibrium.
The total cost is 42 for subject A and 63 for subject B.

Figure 11 shows the average total costs of subjects A and B when the charge is
10. They are smaller than those at subgame perfect equilibrium and they decrease
with experience. We therefore make the following observation:

Observation 9. When the charge is 10, the average total costs of subjects A and B
are smaller than those at the subgame perfect equilibrium, they decreases with experi-
ence, and no pair who played subgame perfect equilibrium strategies was found.

Why does the subject not adhering to subgame perfect equilibrium play? In early
rounds, subjects noticed from Table 6 that a strategy profile of z = 10, pApp = 0, and
pB = 15 made subject A’s cost 10 and subject B’s cost 0. Under this strategy profile,
subject A’s cost is 0, but he or she must pay the charge since the two prices are not
the same. Notice further that this profile is not a Nash equilibrium because subject
A could avoid the charge by announcing pApp = 15. Consider the implication of this
strategy profile. Subject A can make the purchasing price of emissions permits for
subject B free of charge, and subject B can make the selling price of them for sub-
ject A as high as possible. Our highest price in Table 1 is 15. At the same time,
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Figure 11. Average Total Costs when the charge is 10
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the profile maximizes the number of transactions. Although subject A must pay the
charge, the payoff profile of this strategy profile is strictly Pareto superior to the
payoff profile at the subgame perfect equilibrium. We found 6 pairs who followed
this strategy. Since the pair was not changed during 20 rounds, cooperation emerged.
On the other hand, there were 2 pairs who converged to a Nash equilibrium. One
pair’s equilibrium was z = 3 and pApp = pB = 8, and the other was z = 2 and pA = pB =
7. No pair played the subgame perfect equilibrium strategy.

When the charge was 50, 2 pairs reached an outcome where subject A’s total cost
was 50, and subject B’s total cost was 0, which is different from the case when the
charge was 10. Subject A in one of the two pairs chose pB = 15 to make his or her
charge zero. That is, subject A betrayed subject B. This seems an apparent effect of
raising the charge. One pair converged to z = 3 and pApp = pB = 8. No pair played the
subgame perfect equilibrium strategy.

Summarizing the above, we make the following observation:

Observation 10. When the charge is 50, the average total costs of subjects A and B
are more than those at subgame perfect equilibrium, and no pair was found who
played subgame perfect equilibrium strategies.

In comparing these two sessions, consider first the choice of prices in stage 1.
Two types of subject A’s behavior were observed. One is cooperative behavior such
that subject A chose a price as low as possible. If this is the case, subject A must bear
the charge. In the second type, subject A chose the same price as subject B. In the
charge 10 session, the former was mainly observed, and in the charge 50 session,
the latter was mainly observed. As for the behavior of subject B, in the charge 10
session, subject B cooperated with subject A. In the charge 50 session, subject B
tried to cooperate with subject A and make the total cost zero. But, most of the A
subjects did not pay 50. The price distributions of the charge 10 and 50 sessions are
shown in Figure 12.
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Subject A chose 0 and B chose 15 overwhelmingly in the case of charge 10 and
the ratios go down in the case of charge 50. However, the ratios around 7 and 8 go
up with charge 50.

Whether subjects understood the game or not is an important question. The ratio
of the best response of subject A in stage 2 is 82%. That is, at least subject A seemed
to understand the stage game.

The Mitani mechanism is a special case of the compensation mechanism by
Varian (1994). The following observations are also applicable to this compensation
mechanism. First, there are many Nash equilibria even though the subgame perfect
equilibrium is unique. That is, subjects could not distinguish them. Second, subject
B’s payoff would not be changed once subject A’s strategy is given. That is, what-
ever strategy subject B chooses, this does not affect his or her own payoff. The same
problem was also found in the pivotal mechanism in the provision of public goods.
This property might be the reason why the Mitani mechanism did not perform well
in experiments. The third problem is the penalty scheme. Theoretically, the penalty
should be zero when pA = pB and positive when pAp ≠ pB. However, the special penalty
scheme that the subjects employed might have influenced the results. It seems that
the charge of 50 works slightly better than the charge of 10. That is, the shape of the
penalty functions seems to be an important factor.

7. CONCLUDING REMARKS

The choice of a model is an important step in understanding how a specific eco-
nomic phenomenon such as global warming works. We have reviewed three theoret-
ical approaches, namely a simple microeconomic model, a social choice concept
(i.e., strategy-proofness), and mechanisms constructed by theorists. The implicit
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environments on which the theories are based are quite different from one another,
and theorists in varying fields may not realize the differences. Due to these differ-
ences, theories may result in contradictory conclusions. The social choice approach
presents quite a negative view of attaining efficiency, but the two other approaches
suggest some ways to attain it. From the point of view of policy makers, the environ-
ments conceived by theorists differ from the real environment that the policy makersl
must face. Unfortunately, we do not have any scientific measure of the differences
between the environment of a theoretical model and the one of the real world.

A simple way to understand how each model works is to conduct experiments
that implement the models’ assumptions. The starting point is to create the environ-
ment in the experimental lab. If it works well, then the theory passes the experimental
test. If not, the theory might have some flaw in its formulation. The failure of the test
makes the policy makers look away. On the other hand, passing the experimental
test does not necessarily mean that the policy maker should employ it.

For example, the experimental success of a model that does not include an
explicit abatement investment decision should be compared with the experimental
failure of a model with an explicit decision. The policy makers must consider the
difference the environments that the theories are based upon.

The experimental approach helps us to draw conclusions on how and where
theories work, and this approach is important for finding a real policy tool that can
be used.
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NOTES
1 See Xepapadeas (1997) for standard theories on emissions trading.
2 See also Schmalensee et al. (1998), Stavins (1998), and Joskow et al. (1998).
3 See Kaino, Saijo, and Yamato (1999).
4 The Mitani mechanism is based on a compensation mechanism proposed by Varian (1994).
5 Saijo and Yamato (1999) consider an equilibrium when participation is a strategic variable.
6 The same problem exists under social choice approach.
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Abstract

Human players and automated players (bots) interact in real time in a con-
gested network. A player’s revenue is proportional to the number of successful
“downloads” and his cost is proportional to his total waiting time. Congestion arises
because waiting time is an increasing random function of the number of uncom-
pleted download attempts by all players. Surprisingly, some human players earn
considerably higher profits than bots. Bots are better able to exploit periods of
excess capacity, but they create endogenous trends in congestion that human
players are better able to exploit. Nash equilibrium does a good job of predicting the
impact of network capacity and noise amplitude. Overall efficiency is quite low,
however, and players overdissipate potential rents, i.e., earn lower profits than in
Nash equilibrium.

1. INTRODUCTION

The Internet suffers from bursts of congestion that disrupt cyberspace markets.
Some episodes, such as gridlock at the Victoria’s Secret site after a Superbowl
advertisement, are easy to understand, but other episodes seem to come out of the
blue. Of course, congestion is also important in many other contexts. For example,
congestion sometimes greatly degrades the value of freeways, and in extreme cases
(such as burning nightclubs) congestion can be fatal. Yet the dynamics of congestion
are still poorly understood, especially when (as on the Internet) humans interact with
automated agents in real time.

In this paper we study congestion dynamics in the laboratory using a multiplayer
interactive video game called StarCatcher. Choices are real-time (i.e., asynchronous):

© 2005 Springer. Printed in the Netherlands. 
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84 Experimental Business Research Vol. II

at every instant during a two minute period, each player can start to download or
abort an uncompleted download. Human players can freely switch back and forth
between manual play and a fully automated strategy. Other players, called bots, are
always automated. Players earn revenue each time they complete the download, but
they also accumulate costs proportional to waiting time.

Congestion arises because waiting time increases stochastically in the number of
pending downloads. The waiting time algorithm is borrowed from Maurer and
Huberman (2001), who simulate bot-only interactions. This study and earlier studies
show that congestion bursts arise from the interaction of many bots, each of whom
reacts to observed congestion observed with a short lag. The intuition is that bot
reactions are highly correlated, leading to non-linear bursts of congestion.

At least two other strands of empirical literature relate to our work. Ochs (1990),
Rapoport et al. (1998) and others find that human subjects are remarkably good at
coordinating entry into periodic (synchronous) laboratory markets subject to conges-
tion. More recently, Rapoport et al. (2003) and Seale et al. (2003) report fairly
efficient queuing behavior in a laboratory game that has some broad similarities to
ours, but (as discussed in section 5 below) differs in numerous details.

A separate strand of literature considers asynchronous environments, sometimes
including bots. The Economist (2002) mentions research by Dave Cliff at HP Labs
Bristol intended to develop bots that can make profits in major financial markets
that allow asynchronous trading. The article also mentions the widespread belief
that automated trading strategies provoked the October 1987 stock market crash.
Eric Friedman et al. (forthcoming) adapt periodic laboratory software to create
a near-asynchronous environment where some subjects can update choices every
second; other subjects are allowed to update every 2 seconds or every 30 seconds.
The subjects play quantity choice games (e.g., Cournot oligopoly) in a very low
information environment: they know nothing about the structure of the payoff func-
tion or the existence of other players. Play tends to converge to the Stackelberg
equilibrium (with the slow updaters as leaders) rather than to the Cournot equi-
librium. In our setting, by contrast, there is no clear distinction between Stackelberg
and Cournot, subjects have asynchronous binary choices at endogenously deter-
mined times, and they compete with bots.

After describing the laboratory set up in the next section, we sketch theoretical
predictions derived mainly from Nash equilibrium. Section 4 presents the results of
our experiment. Surprisingly, some human players earn considerably higher profits
than bots. Bots are better able to exploit periods of excess capacity, but they create
endogenous trends in congestion that human players are better able to exploit. The
comparative statics of pure strategy Nash equilibrium do a good job of predicting
the impact of network capacity and noise amplitude. However, overall efficiency is
quite low relative to pure strategy Nash equilibrium, i.e., players “overdissipate”
potential rents.

Section 5 offers some perspectives and suggestions for follow up work. Appen-
dix A collects the details of algorithms and mathematical derivations. Appendix B
reproduces the written instructions to human subjects.
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2. THE EXPERIMENT

The experiment was conducted at UCSC’s LEEPS lab. Each session lasts about
90 minutes and employs at least four human subjects, most of them UCSC under-
graduates. Students sign up on line after hearing announcements in large classes,
and are notified by email about the session time and place, using software developed
by UCLA’s CASSEL lab. Subjects read the instructions attached in Appendix B,
view a projection of the user interface, participate in practice periods, and get public
answers to their questions. Then they play 16 or more periods of the StarCatcher
game. At the end of the session, subjects receive cash payment, typically $15 to $25.
The payment is the total points earned in all periods times a posted payrate, plus a
$5.00 show-up allowance.

Each StarCatcher period lasts 240 seconds. At each instant, any idle player can
initiate a service request by clicking the Download button, as in Figure 1. The
service delay, or latency λ, is determined by an algorithm sketched in the paragraphλ
after next. Unless the download is stopped earlier, after λ seconds the player’s
screen flashes a gold star and awards her 10 points. However, each second of delay
costs the player 2 points, so she loses money on download requests with latencies
greater than 5 seconds. The player can’t begin a second download while an earlier
request is still being processed but she can click the Stop button; to prevent exces-
sive losses the computer automatically stops a request after 10 seconds. The player
can also click the Reload button, which is equivalent to Stop together with an
immediate new download request, and can toggle between manual mode (as just
described) and automatic mode (described below).

The player’s timing decision is aided by a real-time display showing the results
of all service requests terminating in the previous 10 seconds. The player sees the
mean latency as well as a latency histogram that includes Stop orders, as illustrated
in Figure 1.

The delay algorithm is a noisy version of a single server queue model known in
the literature as M/M/1. Basically, the latency λ is proportional to the reciprocal ofλ
current idle capacity. For example, if capacity is 6 and there are currently 4 active
users, then the delay is proportional to 1/(6 − 4) = 1/1 2. In this example, 5 users would
double the delay and 6 users would make the delay arbitrarily long. As explained in
Appendix A, the actual latency experienced by a user is modified by a mean revert-
ing noise factor, and is kept positive and finite by truncating at specific lower and
upper bounds.

The experiments include automated players (called robots or bots) as well as
humans. The basic algorithm for bots is: initiate a download whenever the mean
latency (shown on all players’ screens) is less than 5 seconds minus a tolerance,
i.e., whenever it seems sufficiently profitable. The tolerance averages 0.5 seconds,
corresponding to an intended minimum profit margin of 1 point per download.
Appendix A presents details of the algorithm. Human players in most sessions have
the option of “going on autopilot” using this algorithm, as indicated by the toggle
button in Figure 1 Go To Automatic / Go To Manual. Subjects are told,
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Figure 1. User interface. The four decision buttons appear at the bottom of the screen; the
download button is faded because the player is currently waiting for his download request
to finish. The dark box on the thick horizontal bar just above the decision buttons indicates
an 8 second waiting time (hence a net loss) so far. The histogram above reports results of
download requests from all players terminating in the last 10 seconds. Here, one download
took 2 seconds, two took 3 seconds, one took 5 seconds and one took 9 seconds. The color
of the histogram bar indicates whether the net payoff from the download was positive
(green, here light grey) or negative (red, here dark grey). The thin vertical line indicates
the mean delay, here about 3.7 seconds. Time remaining is shown in a separate window.
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When you click GO TO AUTOMATIC a computer algorithm decides for you
when to download. There sometimes are computer players (in addition to your
fellow humans) who are always in AUTOMATIC. The algorithm mainly looks
at the level of recent congestion and downloads when it is not too large.

The network capacity and the persistence and amplitude of the background noise
is controlled at different levels in different periods. The number of human players
and bots also varies; the humans who are sidelined from StarCatcher for a few
periods use the time to play an individual choice game such as TreasureHunt,
described in Friedman et al. (2003). Table 1 summarizes the values of the control
variables used in all sessions analyzed below.

3. THEORETICAL PREDICTIONS

A player’s objective each period is to maximize profit Π = rN − cL, where r is ther
reward per successful download, N is the number of successful downloads, N c is the
delay cost per second, and L is the total latency time summed over all download
attempts in that period. The relevant constraints include the total time T in theT
period, and the network capacity C. The constant of proportionality for latency, i.e.,
the time scale S, is never varied in our experiments.

An important benchmark is social value V*, the maximized sum of players’
profits. That is, V* is the maximum total profit obtainable by an omniscient planner
who controls players’ actions. Appendix A shows that, ignoring random noise, that
benchmark is given by the expression V* = 0.25S−1Tr(1 + C − cS/SS r)2. Typical
parameter values in the experiment are T = 120 seconds, C = 6 users, S = 8 user-sec,
c = 2 points/sec and r = 10 points. The corresponding social optimum values are
U* = 2.70 active users, λ*λλ = 1.86 seconds average latency, π* = 6.28 points per
download, N* = 174.2 downloads, and V* = 1094 points per period.

Of course, a typical player tries to increase his own profit, not social value. A
selfish and myopic player will attempt to download whenever the incremental
apparent profit π is sufficiently positive, i.e., whenever the reward π r = 10 points
sufficiently exceeds the cost λc at the currently displayed average latency λ. Thus
such a player will choose a latency threshold ε and followε

Rule R. If idle, initiate a download whenever λ ≤ r/rr c − ε.

In Nash equilibrium (NE) the result typically will be inefficient congestion,
because an individual player will not recognize the social cost (longer latency times
for everyone else) when choosing to initiate a download. Our game has many pure
strategy NE due to the numerous player permutations that yield the same overall
outcome, and due to integer constraints on the number of downloads. Fortunately,
the NE are clustered and produce outcomes in a limited range.

To compute the range of total NE total profit VNEVV for our experiment, assume thatE

all players use the threshold ε = 0 and assume again that noise is negligible. No
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player will earn negative profits in NE, since the option is always available to remain
idle and earn zero profit. Hence the lower bound on VNEVV is zero. Appendix A derives
the upper bound VMNEVV = T(TT rC − cS)/S from the observation that it should never beS
possible for another player to enter and earn positive profits. Hence the maximum
NE efficiency is VMNEVV /E V* = 4(C − cS/r)/ (1 + C − cS/r)2 = 4UMNE/(1E + UMNE)2. For the
parameter values used above (T = 120, C = 6, S = 8, c = 2 and r = 10), the upper
bound NE values are UMNE = 4.4 active users (players), λMNEλλ = 3.08 seconds delay,
π MNE = 3.85 points per download, NMNE = 171.6 downloads, and VMNEVV = 660.1 points
per period, for a maximum efficiency of 60.4%.

The preceding calculations assume that the number of players m in the game is at
least Ut MNE + 1, so that congestion can drive profit to zero. If there are fewer players,
then in Nash equilibrium everyone is always downloading. In this case there is
excess capacity a = UMNE + 1 − m = C + 1 − cS/r − m > 0 and, as shown in the
Appendix, the interval of NE total profit shrinks to a single point, Πm = Tram/S.

What happens if the background noise is not negligible? As explained in the
Appendix, the noise is mean-reverting in continuous time. Thus there will be some
good times when effective capacity is above C and some bad times when it is lower.
Since the functions VMNEVV  and E V* are convex in C (and bounded below by zero),
Jensen’s inequality tells us that the loss of profit in bad times does not fully offset
the gain in good times. When C andC m are sufficiently large (namely, m > C > cS/r
+ 1, where the last expression is 2.6 for the parameters above), this effect is stronger
for V* than for VMNEVV . In this case Nash equilibrium efficiency VMNEVV /E V* decreasesVV
when there is more noise. Thus the prediction is that aggregate profit should increase
but that efficiency should decrease in the noise amplitude σ τ/ 2ττ (see Appendix A).1

A key testable prediction arises directly from the Nash equilibrium benchmarks.
The null hypothesis, call it full rent dissipation, is that players’ total profits will be in
the Nash equilibrium range. That is, when noise amplitude is small, aggregate profits
will be VMNEVV = Tram/S in periods with excess capacity S a > 0, and will be between 0
and VMNEVV = T(TT rC − cS)/S in periods with no excess capacity. The correspondingS
expressions for efficiency have already been noted.

One can find theoretical support for alternative hypotheses on both sides of the
null. Underdissipation refers to aggregate profits higher than in any Nash equilib-
rium, i.e., above VMNEVV . This would arise if players can maintain positive thresholds
ε in Rule R, for example. A libertarian justification for the underdissipation hypo-ε
thesis is that players somehow self-organize to partially internalize the congestion
externality (see e.g., Gardner, Ostrom, and Walker, 1992). For example, players
may discipline each other using punishment strategies. Presumably the higher profits
would emerge in later periods as self-organization matures. An alternative justification
from behavioral economics is that players have positive regard for the other players’
utility of payoffs, and will restrain themselves from going after the last penny of
personal profits in order to reduce congestion. One might expect this effect to weaken
a bit in later periods.

Overdissipation of rent, i.e., negative aggregate profits, is the other possibility.
One theoretical justification is that players respond to relative payoff and see increasing
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returns to downloading activity (e.g., Hehenkamp et al., 2001). A behavioral eco-
nomics justification is that people become angry at the greed of other players and
are willing to pay the personal cost of punishing them by deliberately increasing
congestion (e.g., Cox and Friedman, 2002). Behavioral noise is a third possible
justification. For example, Anderson, Goeree and Holt (1998) use quantal response
equilibrium, in essence Nash equilibrium with behavioral noise, to explain over-
dissipation in all-pay auctions.

Further insights may be gained from examining individual decisions. The natural
null hypothesis is that human players follow Rule R with idiosyncratic values of the
threshold ε. According to this hypothesis, the only significant explanatory variable
for the download decision will be λ − r/rr c = λ − 5 sec, where λ is the average latencyλ
currently displayed on the screen. An alternative hypothesis (which occurred to us
only after looking at the data) is that some humans best-respond to Rule R behavior,
by anticipating when such behavior will increase or decrease λ and reacting to theλ
anticipation.

The experiment originally was motivated by questions concerning the efficiency
impact of automated Rule R strategies. The presumption is that bots (and human
players in auto mode) will earn higher profits than humans in manual mode.2 How
strong is this effect? On the other hand, does a greater prevalence of bots depress
everyone’s profit? If so, is the second effect stronger than the first, i.e., are individual
profits lower when everyone is in auto mode than when everyone is in manual
mode? The simulations reported in Maurer and Huberman (2001) confirm the
second effect but disconfirm the social dilemma embodied in the last question. Our
experiment examines whether human subjects produce similar results.

4. RESULTS

We begin with a qualitative overview of the data. Figure 2 below shows behavior in
a fairly typical period. It is not hard to confirm that bots indeed follow the variable
λ = average delay: their download requests cease when λ rises above 4 or 5, and the
line indicating the number of bots downloading stops rising. It begins to decline as
existing downloads are completed. Likewise, when λ falls below 4 or 5, the number
of bot downloads starts to rise.

The striking feature about Figure 2 is that the humans are different. They appear
to respond as much to the change in average delay. Sharp decreases in average delay
encourage humans to download. Perhaps they anticipate further decreases, which
would indeed be likely if most players use Rule R. We shall soon check this con-
jecture more systematically.

Figure 3 shows another surprise, strong overdissipation. Both bots and humans
lose money overall, especially bots (which include humans in the auto mode). The
top half of human players spend only 1% of their time in auto mode, and even the
bottom half spend only 5% of their time in auto mode. In manual mode, bottom half
human players lose lots of money but at only 1/3 the rate of bots, and top half
humans actually make modestly positive profit.
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Figure 4 offers a more detailed breakdown. When capacity is small, there is only
a small gap between social optimum and the upper bound aggregate profit con-
sistent with Nash Equilibrium, so Nash efficiency is high as shown in the green bars
for C = 2, 3, 4. Bots lose money rapidly in this setting because congestion sets in
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Figure 4. Theoretical and actual profits as percentage of social optimum.

quickly when capacity is small. Humans lose money when inexperienced. Experi-
enced human players seem to avoid auto mode and learn to anticipate the congestion
sufficiently to make positive profits. When capacity is higher (C = 6), bots do
better even than experienced humans, perhaps because they are better at exploiting
the good times with excess capacity. (Of course, overdissipation is not feasible with
excess capacity: in NE everyone downloads as often as physically possible and
everyone earns positive profit.)

We now turn to more systematic tests of hypotheses. Table 2 below reports OLS
regression results for profit rates (net payoff per second) earned by four types of
players. The first column shows that bots (lumped together with human players in
auto mode) do much better with larger capacity and with higher noise amplitude,
consistent with NE predictions. The effects are highly significant, statistically as
well as economically. The other columns indicate that humans in manual mode are
able to exploit increases in capacity only about half as much as bots, although the
effect is still statistically highly significant for all humans and top half of humans.
The next row suggests that bots but not humans are able to exploit higher amplitude
noise. The last row of coefficient estimates finds that, in our mixed bot-human
experiments, the interaction [noise amplitude with excess fraction of players in auto
mode] has the opposite effect for bots as in Maurer and Huberman (2001), and has
no significant effect for humans.

Table 3 above reports a fine-grained analysis of download decisions, the depend-
ent variable in the logit regressions. Consistent with Rule R (hardwired into their
algorithm), the bots respond strongly and negatively to the average delay observed
on the screen minus r/c = 5. Surprisingly, the regression also indicates that bots are
more likely to download when the observed delay increased over the last 2 seconds;
we interpret this as an artifact of the cyclical congestion patterns. Fortunately
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Table 2. OLS Estimates of profit rates

For: Auto mode Manual mode
Indep. variables All players All humans Top half Bottom half

Intercept 0.88 0.48 0.64 not sig.

Excess capacity 0.69 0.27 0.29 0.17a

Excess capacity^2 0.08 0.03 0.04 not sig.

Noise 0.53 not sig. not sig. −0.12b

Noise*(s – 1/2) −1.81 not sig. not sig. not sig.

NOBS 1676 1222 640 582

Notes: all significant at p < 0.01, except a: p = 0.04, b: p = 0.06
Excess capacity = a = C − m − 0.6
Noise = sigma / ( )
s = fraction of all players in auto mode per period

Table 3. Logit regression for download decision

For: Auto mode All Manual mode Bottom
Indep. Variables All players humans Top half half

Intercept −2.08 −2.12 −2.51 −2.31 −2.74

Avg. delay −5s −0.31 −0.31 0.03 0.06 −0.01a

2s change in avg. delay 0.08 −0.19 −0.30 −0.08

NOBS 163,602 163,602 186,075 92,663 93,412163,602

Notes: all significant at p < 0.01, except a: p = 0.047

the delay coefficient estimate is unaffected by omitting the variable for change
in delay.

Human players react in the opposite direction to delay changes. The regressions
confirm the impression gleaned from Figure 2 that humans are much more inclined
to initiate download requests when the observed delay is decreasing. Perhaps sur-
prisingly, experienced humans are somewhat more inclined to download when the
observed delay is large. A possible explanation is that they then anticipate less
congestion from bots.



94 Experimental Business Research Vol. II

The results reported above seem fairly robust to changes in the specification.
In particular, including time trends within or across periods seems to have little
systematic impact.

5. DISCUSSION

The most surprising result is that human players outperform the current generation
of automated players (bots). The bots do quite badly when capacity is low. Their
decision rule fails to anticipate the impact of other bots and neglects the difference
between observed congestion (for recently completed download attempts) and anti-
cipated congestion (for the current download attempt). Human players are slower
and less able to exploit excess capacity (including transient episodes due to random
noise), but some humans are far better at anticipating and exploiting the congestion
trends that the bots create. In our experiment the second effect outweighs the first, so
humans earn higher profits overall than bots.

Perhaps the most important questions in our investigation concerned rent dissipa-
tion. Would human players find some way to reduce congestion costs and move
towards the social optimum, or would they perhaps create even more congestion
than in Nash equilibrium? Sadly, overdissipation outcomes are most prevalent in
our data.

The Nash comparative statics, on the other hand, generally help explain the
laboratory data. Nash equilibrium profit increases in capacity and noise amplitude,
and so do observed profits.

Several directions for future research suggest themselves. First, one might want
to look at smarter bots. Preliminary results show that it is not as easy as we thought
to find more profitable algorithms; linear extrapolation from available data seems
rather ineffective. That project contemplates higher levels of sophistication (in a
sense similar to Stahl and Wilson, 1995) but the results are not yet in.

Second, one might want to connect our research to the experiments on queuing
behavior. As noted in the introduction, Rapoport et al. (2003) and a companion
paper reported fairly efficient outcomes, rather different than our own. Which design
differences from ours are crucial? The list of possible suspects is quite long: no bots;
synchronous decisions in discrete time; a single service request per player each
period; simultaneous choice at the beginning of the period; precommited requests
(no counterpart to our “stop” or “reload”); deterministic and constant service times
in a first-in, first-out queue; no information feedback during the period; and no
information feedback between periods regarding congestion at times not chosen.
Answering the question may not be easy, but it surely would be interesting.

More generally, one might want to probe the robustness of the overdissipation
result. It clearly should be checked in humans-only and in bots-only environments,
and preliminary results seem consistent with the findings reported above. One should
also check alternative congestion functions to the mean-reverting noisy M/M/1 queuing
process. Finally, it would be quite interesting to investigate mechanisms such as
congestion taxes to see whether they enable humans and robots to earn healthier
profits in congestible real-time environments.
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NOTES
1 The simulations reported in Maurer and Huberman (2001) suggest an alternative hypothesis: profits

increase in noise amplitude times (s − 1/1 2 ), where s is the fraction of players in auto mode. It should be
noted that their bot algorithm supplemented Rule R with a Reload option.

2 Indeed, a referee of our grant proposal argued that it was redundant to use human subjects. He thought
it obvious that the bots would perform better.

3 This variable is generated by summing up the times for successful (the download took less than or
exactly ten seconds) and unsuccessful (failed download attempt, i.e., no download within ten seconds)
download attempts that were completed within the last ten seconds. The result is then divided by the
number of download attempts to lead to the average delay (AD(( ). The variable is continuously updated.
Times for download attempts that have been aborted (by the player hitting the “STOP” or the
“RELOAD” button) are disregarded.
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APPENDIX A. TECHNICAL DETAILS.

A.1. Latency and Noise. Following the noisy M/M/1 queuing model of Maurer
and Huberman (2001), latency for a download request initiated at time t is

λ( ) λ [   ( )]

   ( )

S[   ((

  (  (  
+

1
(A1)

if the denominator is positive, and otherwise is λmaxλλ > 0. To unpack the expression
(A1), note that the subscripted “+” refers to the positive part, i.e., [x]+ = max{x, 0}.
The parameter C is the capacity chosen for that period; more precisely, to remainC
consistent with conventions in the literature, C represents full capacity minus 1. TheC
parameter S is the time scale, or constant of proportionality, and S U(t) is usage, the
number of downloads initiated but not yet completed at time t. The experiment
truncates the latency computed from (A1) to the interval [0.2, 10.0] seconds. The
lower truncation earns the 10 point reward but the upper truncation at λmaxλλ = 10
seconds does not.

The random noise e(t) is Normally distributed with volatility σ and unconditionalσ
mean 0. The noise is mean reverting in continuous time and follows the Ornstein-
Uhlenbeck process with persistence parameter τ > 0 (see Feller, p. 336). That is,
e(0) = 0 and, given the previous value x = e(t − h) drawn at time t − h > 0, the
algorithm draws a unit Normal random variate z and sets e(t) = x exp(−τh) +
z h[   exp ( )]/( ).h τh)]/(h ττh  Thus the conditional mean of noise is typically different
from zero; it is the most recently observed value x shrunk towards zero via an
exponential term that depends on the time lag h since the observation was made
and a shrink rate τ > 0. In the no-persistence (i.e., no mean reversion or shrink-
ing) limit τ → 0, we have Brownian motion with conditional variance σ 2h, and
e(t) = x + z h. In the long run limit as h → ∞ we recover the unconditional
variance σ 2/(2τ). The appropriate measure of noise amplitude in our setting there-τ
fore is its square root σ τ/ .τττ

In our experiments we used two levels each for σ andσ τ. Rescaling time inτ
seconds instead of milliseconds, the levels are 2.5 and 1.5 for σ, and 0.2 and 0.02σ
for τ. Figure A1 shows typical realizations of the noise factor [1 τ + e(t)]+ for the
two combinations used most frequently, low amplitude (low σ, high τ) and high
amplitude (high σ, low σ τ).

A.2. Efficiency, no noise case. Social value V is the average net benefit V π = r − λc
per download times the total number of downloads n ≈ UT/TT λ, where λ λ is the average
latency, T is the length of a period and T U is the average number of users attemptingU
to download. Assume that σ = 0 (noise amplitude is zero) so by (A1) the average
latency is λ = S/(1SS + C − U ). Assume also that the expression for n is exact. Then
the first order condition (taking the derivative of V = πn with respect to U and
finding the root) yields U* = 0.5(1 + C − cS/SS r). Thus λ*λ = 2S/(1SS + C + cS/r), and so
maximized social value is V* = 0.25S−1Tr(1 + C − cS/r)2.
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Figure A1. Noise (exp 10/3/03, periods 1 and 4).

To obtain the upper bound on social value consistent with Nash equilibrium,
suppose that more than 10 seconds remain, the player currently is idle and the
expected latency for the current download is λ. The zero-profit latency is derivedλ
from 0 = π = r − λc. Now λ = r/rr c and the associated number of users is U** = 2U*
= C + 1 − cS/r. Hence the minimum number of users consistent with NE is UMNE =
U** − 1 = C − cS/r. The associated latency is λMNEλλ = rS/(SS r + cS), and the associated
profit per download is π MNE = r2/(r + cS), independent of C. The maximum number
of downloads is NMNE = TUMNEUU /E λMNEλλ = T(TT r + cS)(rC − cS)/(r2S). Hence the upper
bound on NE total profit is V MNE = NMNEπ MNE = T(TT rC − cS)/S, and the maximum NE
efficiency is VMNEVV /E V* = (C − cS/r)/(1 + C − cS/r)2 = 4UMNE/(1E + UMNE)2 ≡ Y. Since
dUMNE/dE C = 1, it follows that dY/dYY C < 0 iff dY/dYY UMNE < 0 iff 1 < UMNE = C − cS/r.
It is easy to verify that Y is 0(1/Y C).

A.3 Bot algorithm. In brief, the bot algorithm uses Rule R with a random threshold
ε drawn independently from the uniform distribution on [0, 1.0] sec. The value ofε
λ is the mean reported in the histogram window, i.e., the average for downloadλ
requests completed in the last 10 seconds. Between download attempts the algor-
ithm waits a random time drawn independently from the uniform distribution on
[.25, .75] sec.

In detail, bots base their decision on whether to initiate a download on two
factors. One of these determinants is the variable “average delay”3 (AD(( ). The second
factor is a configurable randomly drawn threshold value. In each period, bots (and
real players in automatic mode) have three behavior settings that can be set by the
experimenter. If they aren’t defined for a given period, then the previous settings are
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used, and if they are never set, then the default settings are used. An example (using
the default settings) is

AutoBehavior Player 1: MinThreshold 4000, RandomWidth 1000, PredictTrend
Disabled

The definitions are:

1) MinThreshold (MT): The lowest possible threshold value in milliseconds. If the
average delay is below this minimum threshold, then there is 100% certainty
that the robot (or player in Auto mode) will attempt a download if not already
downloading. The default setting is 4000 (= 4 seconds).

2) Random Width (RW ): The random draw interval width in milliseconds. This is
the maximum random value that can be added to the minimum threshold value
to determine the actual threshold value instance. That is, MT + RW = Max
Threshold Value.

3) Predict Trend (PT ): The default setting is Disabled. However, when Enabled, the
following linear trend prediction algorithm is used: MT2TT = MT + AD2 − AD. A
new Minimum Threshold (MT2TT ) is calculated and used instead of the original
Minimum Threshold value (MT ). The average delay (AD(( ) from exactly 2 sec-
onds ago (AD(( 2) is used to determine the new Minimum Threshold value.

A bot will attempt a download when AD ≤ T = MT + RD. A new threshold value
(T ) will be drawn (RD from a uniform distribution on [0, RW ]) after each download
attempt by the robot. Another important feature of the robot behavior is that a robot
will never abort a download attempt.

To avoid artificial synchronization of robot download attempts, the robots check
on AD every x seconds, wherex x is a uniformly distributed random variable onx
[.05, .15] seconds. Also, there is a delay (randomly picked from the uniform dis-
tribution on [.15, .45] seconds) after a download (successful or unsuccessful) has
been completed and before the robot is permitted to download again. Both delays
are drawn independently from each other and for each robot after each download
attempt. The absolute maximum time a robot could wait after a download attempt
ends and before initiating a new download (given that AD is sufficiently low) is thus
450ms + 150ms = 600ms.

APPENDIX B: STARCATCHER INSTRUCTIONS

UCSC 2/2003

I. GENERAL

You are about to participate in an experiment in the economics of interdependent
decision-making. The National Science Foundation and other foundations have
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provided the funding for this project. If you follow these instructions carefully and
make good decisions, you can earn a CONSIDERABLE AMOUNT OF MONEY,
which will be PAID TO YOU IN CASH at the end of the experiment.

Your computer screen will display useful information regarding your payoffs and
recent network congestion. Remember that the information on your computer screen
is PRIVATE. In order to insure best results for yourself and accurate data for the
experimenters, please do not communicate with the other participants at any point
during the experiment. If you have any questions, or need assistance of any kind,
raise your hand and somebody will come to you.

In the experiment you will interact with a group of other participants over a
number of periods. Each period will last several minutes. In each period you earn
“points” which are converted into cash at a pre-announced rate that is written on
the board. You earn points by downloading stars. Each star successfully down-
loaded gives you 10 points, but waiting for a star to download incurs a cost. Every
second that it takes to download the star will cost you 2 points. For example, if
you start a download and it completes in 2 seconds, your delay cost is 4 = 2 points
per second times 2 seconds. Therefore in this example you would earn 10 − 4 =
6 points.

Download delays range up to 10 seconds, depending on the number of other
participants trying to download at the same time and background congestion. The
delay cost can exceed the value of the download, so you can lose money when
the network is congested. If the download takes 9 seconds you would earn 10 − 2*9
= −8 points, a negative payoff since the delay cost (18) is larger than the value
of a star (10). Of course you can wait till the congestion clears: that way you don’t
make money, but neither will you lose any. Doing nothing earns you zero, but also
costs zero.

II. ACTIONS

You have four action buttons: DOWNLOAD, RELOAD, STOP or GO TO AUTO-
MATIC. Clicking the DOWNLOAD button starts to download a star, and also starts
to accumulate delay costs, until either:

– The star appears on your screen, so you earn 10 points minus the delay cost; or
– The star does not appear within 10 seconds, so you lose 20 points; or
– You click the STOP button before 10 seconds elapse, so you lose twice the

number of seconds elapsed; or
– You click the RELOAD button. This is like hitting STOP and DOWNLOAD

immediately after.

When you click GO TO AUTOMATIC a computer algorithm decides for you when
to download. There sometimes are computer players (in addition to your fellow
humans) who are always in AUTOMATIC. The algorithm mainly looks at the level
of recent congestion and downloads when it is not too large.



100 Experimental Business Research Vol. II

III. SCREEN INFORMATION

Your screen gives you useful information to help you choose your action. The main
window reports congestion on the network (how many people were downloading) in
the last 10 seconds. The horizontal axis shows the delay time (from 0 to 10 seconds)
and the height of each vertical bar represent the number of successful downloads.
For example, in the 10 seconds slice of history shown in Figure 1, one successful hit
took one second, 4 successful hits took two seconds, 10 took three seconds, 10 took
four seconds, 4 took five seconds, etc. The color of the bar indicates whether the
payoff from the download was positive (green) or negative (red). The Black bar
on the right indicates the number of people who waited unsuccessfully for a star.
The Blue bar (not shown in picture) indicates the number of people who hit Stop
or Reload.
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Just below the graph showing recent traffic is a horizontal status bar. This “status
bar” has the same horizontal time scale as the graph above but shows the time of
YOUR CURRENT download. When you click the “DOWNLOAD” button, a verti-
cal bar will appear in the far left side of this status bar. The height of this bar
represents the net payoff of a successful download if it finished at that time. As you
wait for the download, this bar moves from left to right and shrinks as your delay
costs accumulate. If the download takes so long that the delay cost exceeds the 10 pt.
value of the star, this bar drops below the middle line, indicating a negative payoff.

NOTE: Pushing the STOP button at any point will give you a lower payoff than
the bar indicates by 10 points since you will not get the value of the star but still pay
the delay cost.

In the window “Current Information” you will find out how much time passed on
your last download attempt (Delay), what your earnings were for the last download
attempt (Points), the number of your successful downloads in this period (Success-
ful Downloads), your total amount of points for this period (Point), the time left
in the current period (Time Left), and the time needed for a download in the last
10 seconds, averaged across all players (Group Average Delay).

After the end of the first period two windows will appear on the right side of
your screen. The top one displays information about your activity in the previous
periods: number of attempted downloads (Tries), number of successful downloads
(Hits), points (Winnings), your average points per try (Average), and a running total
of your payoffs for all periods (Total). The bottom window shows the same statistics
for the entire group. These windows will stay on your screen and will be updated at
the end of each period.

IV. PAYMENT

The computer adds up your payoffs over all periods in the experiment. The last
value in the ‘Total’ column in the ‘Your Performance’ window determines your
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payment at the end of the experiment. The money you will receive for each point
will be announced and written on the board. After the experiment, the conductor will
call you up individually to calculate your net earnings. You will sign a receipt and
receive your cash payment of $5 for showing up, plus your net earnings.

V. FREQUENTLY ASKED QUESTIONS

Q: What happens if my net earnings are negative? Do I have to pay you?
A: No. To make sure that this never happens, you will be asked to leave the

experiment if your total earnings start to become negative. In that case you
would receive only the $5 show up fee.

Q: Is this some kind of psychology experiment with an agenda you haven’t told us?
A: No. It is an economics experiment. If we do anything deceptive, or don’t pay

you cash as described, then you can complain to the campus Human Subjects
Committee and we will be in serious trouble. These instructions are on the level
and our interest is in seeing how people make decisions in certain situations.

Q: If I push STOP or RELOAD before a download is finished I get a negative
payoff? Why?

A: Once you start a download, delay costs begin to accumulate. These costs are
deducted from your total points even if you stop to download by clicking STOP
or RELOAD.

Q: How is congestion determined?
A: Congestion is determined mainly by the number of download requests by you

and other participants (humans and computer players). But there is also a
random component so sometimes there is more or less background congestion.
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Chapter 5

EXPERIMENTAL EVIDENCE ON THE ENDOGENOUS
ENTRY OF BIDDERS IN INTERNET AUCTIONS

David H. Reiley1

University of Arizona

Abstract

This paper tests the empirical predictions of recent theories of the endogenous entry
of bidders in auctions. Data come from a field experiment, involving sealed-bid
auctions for collectible trading cards over the Internet. Manipulating the reserve
prices in the auctions as an experimental treatment variable generates several results.
First, observed participation behavior indicates that bidders consider their bid sub-
mission to be costly, and that bidder participation is indeed an endogenous decision.
Second, the participation is more consistent with a mixed-strategy entry equilibrium
than with a deterministic equilibrium. Third, the data reject the prediction that the
profit-maximizing reserve price is greater than or equal to the auctioneer’s salvage
value for the good, showing instead that a zero reserve price provides higher
expected profits in this case.

1. INTRODUCTION

The earliest theoretical models of auctions assumed a fixed number N of parti-
cipating bidders, with the number commonly known to the auctioneer and the
participating bidders. More recent models have relaxed this assumption, consider-
ing the possibility of costly bidder participation, so that the actual number of
participating bidders is an endogenous variable in the model. In this paper, I use a
field experiment, auctioning several hundred collectible trading cards in an existing
market on the Internet, to test the assumptions and the predictions of models of
auctions with endogenous entry.

I concentrate on three empirical questions in this paper. First, can an experi-
ment turn up evidence of endogenous entry behavior in a real-world market?
The answer to this question appears to be yes. Second, given the existence of
endogenous entry, does the entry equilibrium appear to be better modeled as stochastic,
or as deterministic? Evidence from the experiment indicates that the stochastic
equilibrium concept is a better model of behavior. Third, is it possible to verify the
theory of McAfee, Quan, and Vincent (2002, henceforth, MQV), that even with
endogenous bidder entry, the optimal reserve price for the auctioneer to set is at least

© 2005 Springer. Printed in the Netherlands. 
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as great as the auctioneer’s salvage value? The answer to this question is “no,” as a
reserve price of zero appears to provide higher expected profits than a reserve price
at the auctioneer’s salvage value.

The field-experiment methodology of this study, that of auctioning real goods in
a preexisting market, represents a hybrid between traditional laboratory experiments
and traditional field research which takes the data as given. It shares with laboratory
experiments the important advantage of allowing the researcher to control certain
variables of interest, rather than leaving the researcher subject to the vagaries of the
actual marketplace. (The key experimental treatment in this paper is the manipula-
tion of the reserve price across auctions, to observe how participants react in their
entry and bidding decisions.) It shares with traditional field research the advantage
of studying agents’ behavior in a real-world environment, rather than in a more
artificial laboratory setting.

Although the experimental literature on auctions is vast,2 almost all of these
studies have imposed an exogenous number of bidders (determined by the experi-
menter). Three exceptions are Smith and Levin (2001), Palfrey and Pevnitskaya
(2003), and Cox, Dinkin, and Swarthout (2001). Smith and Levin (2001) and Palfrey
and Pevnitskaya (2003) design their experiments to determine whether the entry
equilibrium which obtains is deterministic or stochastic, a question I also investigate
in this paper. Cox, Dinkin, and Swarthout (2001) show that when participation in a
common-value auction is costly, winner’s-curse effects are attenuated.

In the empirical literature on auctions in the field,3 one recent study considers
endogenous entry. Bajari and Hortacsu (2003) note that in eBay auctions for coin
proof sets, the number of observed bidders is positively correlated with the book
value of the item and negatively correlated with the minimum bid for the item. From
this they infer that bidding is costly, and they therefore provide a structural eco-
nometric model of bidding that includes an endogenous entry decision. The present
paper adds to the empirical and experimental literatures on the endogenous entry of
bidders by conducting a controlled experiment to gather evidence on the type of
endogenous entry found in a real-world market.

The paper is organized as follows. The next section describes the relevant
aspects of endogenous-entry auction theory, focusing on the testable implications.
The third section describes the marketplace where the experiments took place, with
twin subsections explaining the respective designs of the two sets of experiments.
The fourth section presents the results, and a fifth section concludes.

2. THEORETICAL BACKGROUND

Recently, there have been a number of important extensions to Vickrey’s (1961)
original model of auctions with a fixed, known number of bidders. The earliest
examples of endogenous-entry bidding models include Samuelson (1985),
Engelbrecht-Wiggans (1987), and McAfee and McMillan (1987). In these models,
bidders have some cost to participating (either the research required to learn one’s
value for the good, or the effort required to decide on a bid and submit it). This
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cost causes some potential bidders to stay out of the auction entirely, and can cause
other effects as well. For example, Samuelson (1985) and Engelbrecht-Wiggans
(1987), making different modelling assumptions, both find that endogenous entry
drives down the auctioneer’s optimal reserve price relative to a model of costless
entry. One of the goals of the present paper is to demonstrate the existence of entry
costs in a real-world auction market.

McAfee and McMillan (1987) model bidder entry as a pure-strategy, asymmetric
Nash equilibrium. In these models, exactly n bidders enter the auction (out of a
total of N > n potential bidders), and n is determined endogenously from the other
parameters of the model (the auction format, the degree of affiliation of bidder
values, the cost of entry, and so on). Alternatively, others have modeled a mixed-
strategy, symmetric entry equilibrium (Engelbrecht-Wiggans (1987), Levin and
Smith (1994), MQV). In the mixed-strategy models, bidders each enter with probabil-
ity ρ, where ρ is determined endogenously.ρ 4

Levin and Smith (1994) point out that the difference between pure-strategy
(deterministic) models and mixed-strategy (stochastic) ones has implications for
social welfare: if entry is stochastic, then expected social surplus is decreasing in the
number N of potential bidders. The reason is that the variance of the number n of
actual entrants is increasing in N, and such variance is costly. In common-value
auctions, then, it turns out that auctioneers can increase both social welfare and their
own profits by using reserve prices to discourage entry.

In a separate paper, Smith and Levin (2001) perform an experiment in which
they attempt to determine whether entry by bidders is stochastic or deterministic:
they find evidence in favor of their stochastic hypothesis. However, the experimental
procedure doesn’t actually involve any auctions; rather, it assigns simulated auction
payoffs by a lottery procedure.5 Palfrey and Pevnitskaya (2003) modify this experi-
mental design to conduct a first-price sealed-bid auction after the entry decision.
They observe that the same bidders tend to enter repeated auctions, indicating a
pure- rather than mixed-strategy equlibrium. Pevnitskaya (2004) provides a theoret-
ical model of heterogenously risk-averse bidders to explain this observation. When
some bidders are more risk-averse than others, and all bidders know this fact, the
more risk-averse bidders stay out of the auction deterministically in order to collect
a fixed payoff. Only the relatively less risk-averse bidders enter the auction, also
deterministically.6 Mixed-strategy equilibrium disappears in favor of a pure-strategy
equilibrium the more risk-averse bidders stay out of the auction in favor of a fixed
payoff, while relatively less risk-averse bidders enter the auction. In this paper, I
attempt to provide evidence on the question of stochastic versus deterministic entry
equilibria in a field environment.

MQV examine the effects of reserve prices where valuations are where bidder
entry is endogenous and bidder valuations may be either affiliated. In their model,
the auctioneer chooses a reserve price and announces her auction, together with the
level of her reserve price, to N potential bidders. Bidders then decide whether or not
to incur the participation costs, making a stochastic (mixed-strategy) entry decision.
Next the participating bidders find out their private information about the value of



106 Experimental Business Research Vol. II

the good, they submit their bids, and finally the auctioneer awards the good to the
highest bidder. If no bidder chooses to enter and to bid at least the reserve price, then
the auctioneer keeps the good for herself and earns some outside option utility, or
“salvage value.” The main prediction of MQV is that the optimal reserve price is at
least as high as the salvage value of the good. This is a testable prediction; raising
the reserve price from some lower value to the expected salvage value of the good
should raise revenues for the auctioneer.

To summarize, this paper will attempt to answer three main questions. First, are
entry costs relevant in the Internet auction market where I ran my experiments?
Second, is the entry equilibrium a deterministic or a stochastic one? Third, is the
optimal reserve price at least as high as the auctioneer’s salvage value? Note that the
first question is about an assumption of endogenous-entry, the second attempts
to distinguish between two rival theories, and the third is a test of the empirical
prediction of a specific model.

3. EXPERIMENTAL DESIGN

For this experiment, I auctioned trading cards via first-price, sealed-bid auctions,
varying the reserve prices across treatments. The data in this paper are the same as
in Lucking-Reiley (1999). The experiments took place in 1995 in a pre-eBay online
market for collectible cards from Magic: the Gathering, a game which has enjoyed
great success since its launch in August 1993. In the game, players assume the roles
of dueling wizards, each with their own libraries of magic spells (represented by
decks of cards) that may potentially be used against opponents. Cards are sold in
random assortments, just like baseball cards, at retail stores ranging from small
game and hobby shops to large chain retailers. The games’s maker, Wizards of the
Coast (now a division of Hasbro) has developed and printed thousands of distinct
card types, each of which plays a slightly different role in the game.

As discussed in Lucking-Reiley (1999), soon after the introduction of Magic,
players and collectors interested in buying, selling, and trading game cards began to
use the Internet to find each other and carry out transactions. In a Usenet newsgroup
dedicated to this purpose, traders used a variety of trading institutions, including
negotiated trades of one card for another, sales at posted prices, and auctions of
various formats, typically lasting multiple days.

Scarcity was one major determinant of transaction prices for cards, as some cards
were printed in relatively low quantities, and some cards had gone out of print. The
most common in-print cards were not worth trading over the Internet; their values
were pennies or less. Cards designated “uncommon” but not “rare” traded for prices
of ten cents to two dollars. Cards designated “rare” but still in print typically ranged
in price from one to fifteen dollars. Out-of-print cards, depending on their initial
scarcity and on other attributes, traded for as much as three hundred dollars. In this
research project, I dealt only in out-of-print cards.

In addition to data generated in my own auctions, I also make use of contem-
poraneous market data from the weekly Cloister price list in this marketplace.
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Cloister was a card trader who wrote a computer program that automatically searched
the marketplace newsgroup for each instance of each card name (with some tolerance
for misspellings) and gathered data on the prices posted next to each card name in
the newsgroup messages. It then computed statistics for each card, and automatically
archived these data on the Internet as a public service for other interested traders.
Each card’s reported list price is a trimmed mean over hundreds or thousands of
different observations on the newsgroup. Despite some problems with these data,
discussed in Lucking-Reiley (1999) many card traders adopted the Cloister price list
as a standard measure of card market value, so I adopt it as a useful measure in my
own analysis.

This marketplace represented an exciting opportunity to run auction field experi-
ments. For the experiments, I purchased several thousand dollars’ worth of cards
(also via the Internet), and auctioned them off while systematically manipulating the
reserve prices in order to observe their effects on bidder participation and bidding
behavior. Because in any given week there were dozens of auctioneers holding
Magic auctions on the Internet, as an experimenter I was able to be a “small player”
who did not significantly perturb the overall market.

I employed two distinct experimental designs to collect the data. The first design
examines the effects of a binary variable: whether or not minimum bids were used.
By auctioning the same cards twice, once with and once without minimum bids, it
exploits within-card variation to find the effects of the treatment variable on bidding
and entry behavior. The second design investigates the effects of a continuous vari-
able: the reserve price level (expressed as a fraction of the Cloister reference price).
The between-card variation provides information that can be used to test the MQV
prediction about the optimal reserve price level.

3.1. Within-Card Experiments

The first part of the data collection consisted of two pairs of auctions. Each of the
four auctions was a sealed-bid, first-price auction of several dozen Magic cards
auctioned off individually. This simultaneous auction of many different goods at
once, although not common in other economic environments,7 is the norm for auctions
of Magic cards on the Internet. Running auctions in this simultaneous-auction format
thus made the experiment as realistic and natural as possible for the bidders, who see
many other similar auctions in the Internet marketplace for cards.

Each auction lasted for one week, from the time the auction was announced to
the deadline by which all bids had to be received. I announced each auction
to potential bidders via two channels. First, I posted three announcements to the
appropriate Internet newsgroup. For each auction, I posted a total of three news-
group messages spaced evenly over the course of the week of the auction. Second,
I solicited some bidders directly via email messages to their personal electronic
mailboxes. My mailing list for direct solicitation was comprised of people who had
already demonstrated their interest in auctions for Magic cards by participation in
previous ones.
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The paired-auction experiment proceeded as follows. First, I held an absolute
auction (no minimum bid) for 86 different cards (one of each card in the Antiquities
expansion set). The subject line of the announcement read “Reiley’s Auction #4:
ANTIQUITIES, 5 Cent Minimum, Free Shipping!” so that potential bidders might
be attracted by the unusually low minimum bid per card, essentially zero. (A 5-cent
minimum is effectively no minimum, since the auction rules also required all bids to
be in integer multiples of a nickel.) After the one-week deadline for submitting bids
had passed, I computed the highest bid on each card. To each bidder who had won
one or more cards, I mailed (electronically) a bill for the total amount owed.8 After
receiving a winner’s payment via check or money order, I mailed them their cards.
Almost no one defaulted on their winning bids.9

I also mailed a list of the winning bids to each bidder who had participated in the
auction, whether or not they had won cards. This represented an effort to maintain
my reputation as a credible auctioneer, demonstrating my truthfulness to those who
had participated. I did not, however, give the bidders any explicit information about
the number of people who had participated in the auction, or about the number of
people who had received email invitations to participate.

After one additional week of buffer time after the end of the first auction, I
ran the second auction in the paired experiment, this time with reasonably high
minimum bid levels on each of the same 86 cards as before. The minimum bid levels
were determined by consulting the standard (trimmed-mean) Cloister price list of
Magic cards cited above of this paper, and setting the minimum bid level for each
card equal to 90% of the value of that card from the price list.

This contrast in minimum bid levels (zero versus 90% of the Cloister price list)
was the only economically significant difference between the two auctions.10 By
keeping all other conditions identical between the two auctions, I attempted to
isolate the effects of minimum bids on potential bidders’ behavior. One condition
that could not be kept identical, unfortunately, was the time period during which the
auction took place. Because the two auctions took place two weeks apart, there were
potential differences between the auctions that might have affected bidder behavior.
First, the demands for the cards (or the supplies by other auctioneers) might have
changed systematically over time, which is a realistic possibility in such a fast-
changing market as this one.11 Second, since the auctions shared many of the same
bidders, the results of the first auction may have affected the demand for the cards
sold in the second auction.12

To control for such potential variations in conditions over time, I simultaneously
ran the same experiment in reverse order, using a different sample of cards. This
second pair of auctions each featured the 78 cards in the Arabian Nights expansion
set, with minimum bids present in the first auction but absent in the second. Just as
before, minimum bids were set at ninety percent of the market price level from the
Cloister price list. The first auction in this pair began three days after the start of
the first auction in the previous pair, so that the auctions in the two experiments
overlapped in time but were offset by three days. Also, I used a larger mailing list
for my email announcement in this pair of auctions (232 people) than I had for the
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previous pair of auctions (50 people), with the first mailing list being a subset of the
second mailing list. Otherwise, all other conditions were identical between the two
pairs of auctions.13

Table 1 shows a set of summary statistics for each of the four auctions in the
within-card experiments.14 The auctions are displayed in two pairs: first Auctions
AA and AR, for the 86 Antiquities cards, and then Auctions BA and BR, for the 78
Arabian Nights cards.15 Auctions AA and BA were with no minimum bids, while
Auctions AR and BR had sizable minimums (equal to 90% of the market price).

The table contains quite a bit of descriptive information about the auctions,
including the number of participating bidders, the number of bids received, and
the total payments received from winning bidders. Note two key points. First,
“real money” was involved in the auction transactions. Of the 73 different bills I
sent to winning bidders over the course of the experiment, the median payment
amount for each auction was between $10 and $24. A few individual payments even
exceeded $100.

Second, in each auction there are multiple winners. The number of winners in
each auction ranges from 6 to 27, and the fraction of bidders who win at least one
card is between 40 percent and 86 percent. In each auction, the median number of
cards won by each winner is between 2 and 3.5, while the maximum number of
cards won by a single bidder ranges from 12 to 26. Except in Auction AR, no winner
won more than 29 percent of the cards sold in any single auction. (In Auction AR,
participation was very low: only 7 people submitted bids, 6 of whom won at least
one card, and 39 of the cards went unsold.) The biggest spender in any of the
auctions won cards totalling $316.50 of the total revenue of $774.75 in Auction BA,
generating 41 percent of the revenue despite winning no more than 15 percent of the
cards – evidently, she was particularly interested in high-value cards. Thus, it is not
the case that some people are the highest bidders on all cards in an auction, which
suggests that a given bidder’s valuations for different cards are at least somewhat
independent. This gives some justification for reporting regression results in which
each individual card bid is assumed to be an independent observation.

3.2. Between-Card Experiments

A second set of experiments was designed to examine the effects of changes in the
level of the reserve price, rather than merely changes in the l existence of reserve
prices. Five first-price, sealed-bid auctions took place, each with a one-week timeframe
for the submission of bids. Each was a simultaneous auction of many different items,
this time with no overlap of items between auctions. Each card in the first four
auctions (R1 through R4) had a posted reserve price. The fifth auction (R0) used a
zero reserve price on every card, in order to provide a basis for comparison.16 Just as
before, I announced each auction via three posts to the relevant newsgroup, as well
as via email to a list of bidders.17

In the first four auctions, I auctioned 99 different cards each time, setting a
reserve price for each card as a particular fraction of the current Cloister price of that
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Table 1. Summary statistics for within-card experiments.

Auction AA Auction AR Auction BA Auction BR

Minimum bids? No Yes No Yes

Card set Antiquities Antiquities Arabian Nights Arabian Nights

Start date Fri, 24 Feb Fri, 10 Mar Tue, 14 Mar Tue, 28 Feb

End date Fri, 3 Mar Fri, 17 Mar Tue, 21 Mar Tue, 7 Mar

Number of items for auction 86 86 78 78

Number of items sold 86 47 78 74

Revenue from twice-sold cards $189.90 $234.75 $758.25 $783.80

Total auction revenue $292.40 $234.75 $774.75 $783.80

Total number of bids 565 71 1583 238

Total number of bidders 19 7 63 42

from email invitations 12 5 44 35

from newsgroup announcements 7 2 19 7

Number of email invitations sent 52 50 232 234

Number of winners 15 6 25 27

Winner/bidder ratio 78.9% 85.7% 40.3% 64.3%

Cards per winner:

Max 25 26 12 18

as share of total 29.1% 55.3% 15.4% 24.3%

Min 1 1 1 1

Mean 5.7 7.8 3.1 2.7

Median 3 3.5 2 2

Payment per winner:

Max $70.00 $129.40 $316.50 $128.00

as share of total 23.9% 55.1% 40.9% 16.3%

Min $3.00 $0.70 $1.05 $2.55

Mean $19.49 $39.13 $30.99 $29.03

Median $10.50 $23.68 $13.15 $13.00
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Table 2 Bids received in the within-card auctions.

Auction AA Auction AR Auction BA Auction BRAuction AR Auction BA

Minimum bids? No Yes No YesNo Yes No

Card set Antiquities Antiquities Arabian Nights Arabian NightsAntiquities Antiquities Arabian Nights

Number of bidders 19 7 62 4219 7 62

Number of items for auction 86 86 78 7886 86 78

Number of bids per bidder:

Mean 29.7 10.1 25.5 5.729.7 10.1 25.5

Median 13.0 4.0 14.0 4.013.0 4.0 14.0

Max 86.0 29.0 78.0 30.086.0 29.0 78.0

Min 1.0 1.0 1.0 1.01.0 1.0 1.0

card. In each of the first two auctions, nine cards were auctioned at a minimum bid
of 10 percent of the Cloister price, nine at 20 percent, nine at 30 percent, and so on,
up to a maximum of 110 percent of the Cloister price. For each reserve-price level,
I chose an assortment of different cards with widely different Cloister prices, and
scattered the group randomly across the complete list of cards. After an analysis of
the data from those auctions, I chose to collect more data both at very low and at
very high reserve price levels. Therefore, the third and fourth auctions were designed
to have equal numbers of cards auctioned at reserve levels of 10, 20, 30, 40, 50, 100,
110, 120, 130, 140, and 150 percent of the Cloister price.18

This variation in reserve price levels was designed to investigate how both bidder
behavior and expected auction revenue would react to changes in the reserve price,
and to calculate the optimal reserve price level. Normalizing by the Cloister price,
since this is a standard reference price computed in the same way for all Magic
cards, makes cross-card comparisons feasible. Besides the exceptions noted above, all
experimental protocols and bidder instructions were kept identical to those used in
the auctions with reserve prices in the experimental design described in section 3.1.

Summary statistics for the between-card auctions are given in Table 3. In auc-
tions R1 to R4, reserve prices ranged from 0% to 150% of each individual card’s
Cloister value, and the average reserve price level varied slightly from auction to
auction, from 60% to 85%. In auction R0, of course, the average reserve price level
was zero.

As can be seen in the table, each auction had dozens of bidders and hundreds
of bids on individual cards. The number of people receiving email invitations to
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participate declined with each successive auction, but only due to recipients asking
to be removed from my mailing list, so the changes in the mailing list should
not have affected the number of potential participants. Note that the data from the
between-card auctions is not directly comparable to that from the within-card auc-
tions, because the size and composition of the pool of participating bidders changed
considerably during the intervening six months. Very few bidders overlapped
between the two experiments; most of the bidders in the between-card experiment
were new recruits.

The table also displays aggregate statistics on revenue, including the total Cloister
value of all the cards in each auction, the total revenue earned on cards which were
sold, and a grand-total revenue figure which also includes the salvage value of the
unsold cards. The auction revenue in each case was reasonably close to the total
Cloister value of the cards; in Auction R2 I earned revenue greater than the total
Cloister value, while in the three others I earned slightly less.

4. RESULTS

I now present the results from the experiment, separately for each of the three
empirical questions outlined above. Are entry costs relevant? Is the entry equilibrium
stochastic or deterministic? Do the auctioneer’s profits improve as he raises the
reserve price to be at least as high as his salvage value?

4.1 Entry costs are relevant

The within-card experiments demonstrate that endogenous bidder entry appears
to be the right model for this market. Statistics on the number of card bids per
participating bidder are shown in Table 2. As expected, individual bidders tend to
submit fewer bids in the presence of minimums than they do in the absence of
minimums. This does not in itself demonstrate the existence of bidding costs; a
bidder who contemplates how much to bid and then decides that the reserve price
exceeds his maximum willingness could still be counted as having “participated,”
because the decision cost would already have been incurred even though the reserve
price prevents me from observing a low bid. In the auctions with minimums, no
single bidder submitted bids on even half of the cards; the maximum number of
bids by a single bidder was 30. By contrast, there were bidders in both of the
no-minimum auctions who submitted individual bids on every single card.

Interestingly, relatively few bidders followed this strategy of bidding on every
single card in the absolute (no-minimum) auctions. Only one out of 19 bidders bid
on every single item in Auction AA, and only six of 62 bidders bid on every single
item in Auction BA. These statistics indicate that the cost of submitting a bid (the
participation cost) is high enough to affect bidder behavior, and thus this experi-
mental environment is appropriate for exploring endogenous-entry bidding models
such as MQV. If there were no cost to submitting a bid, then one would expect to
see all of the participating bidders submitting bids on every card (as low as a nickel,
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say), since every card does have some positive resale value even to people who get
no consumption utility from it.19 I conclude that bidders deem the probability of
getting a bargain (and thus a resale profit) on such a card is low enough that the
expected profit from bidding does not always outweigh the cost of having to decide
on a bid amount and to type the approximately ten characters required to submit
another card bid. Indeed, the median number of card bids submitted by a single
bidder was only 13 (of a possible 87) in Auction AA, and 14 (of a possible 78) in
Auction BA, even though these auctions had no minimum bids.

Thus, bidders do appear to make a participation decision consistent with the
existence of small entry costs; the number of participating bidders in each auction
is not exogenous. The classical theory makes some accurate predictions about the
effects of reserve prices, as shown earlier, despite this violation of its assumptions.

4.2. Is the entry equilibrium stochastic or deterministic?

Given the existence of endogenous entry, I now ask: is the entry equilibrium
deterministic or stochastic? Very few bidders bid on a card both times it was
offered, despite the fact that the same people were invited each time. Nineteen and
seven bidders, respectively, bid in the two Antiquities auctions, but only 4 people
overlapped between the two auctions. In the Arabian Nights auctions, there were
42 and 62 bidders, but only 17 of the bidders overlapped between the two. Thus,
in each pair of auctions, there were a proportionally large number people who
entered the first auction but not the second, and other people who entered the second
auction but not the first. This argues in favor of a stochastic equilibrium, as the most
natural kind of deterministic equilibrium is one in which the same bidders enter
each time.

Two objections might be raised to the result just presented. First, it might be the
case that people enter one auction but not the other because the latter auction
has reserve prices which are higher than they are willing to pay. However, this
screening-out explanation cannot account for the bidders who bid in the presence of
reserve prices but fail to bid in the absence of reserve prices; there were 3 such
bidders in the Antiquities auctions, and 25 such bidders in the Arabian Nights
auctions. The second potential objection is that bidders may have bid in the chrono-
logically first auction, but not the second, in a pair because they had already bought
the cards by the time the second auction occurred. This complaint potentially affects
the 25 Arabian Nights bidders just cited, who bid in Auction BR but not in Auction
BA. Indeed, three of these bidders each placed a bid on a single card in Auction BR
and won it, so there would be no reason to expect them to bid in the second auction.
However, none of the remaining 22 bidders won all the cards they bid on in Auction
BR: ten did not win any cards at all, while the remaining twelve won an average of
50 percent of the cards they bid on. It is still possible that these bidders managed to
purchase the rest of the cards they were interested in from someone else during the
week that passed between my two auctions, but I can at least say that they did not
buy them from me. Thus, the evidence is fairly strong that bidders in these auctions
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made stochastic entry decisions: faced with the same auction opportunity, the same
person might sometimes enter and sometimes fail to enter. This contrasts with the
results of Palfrey and Pevnitskaya (2003), who find evidence that the less risk-averse
bidders consistently tend to enter while the more risk-averse bidders consistently
tend not to enter.

The stochastic entry decision might not be due to conscious randomization by
a bidder trying to follow a “mixed strategy” in the textbook sense. Perhaps bidders
enter “randomly” because of other things happening in their lives: a college student
had too much homework one week, or a computer programmer had a family emer-
gency. Lots of random events could cause bidders to show up to one auction but
not another. However, in terms of auction design and welfare considerations, what
matters is whether the entry decisions in a real-world auction are deterministically
predictable by the auctioneer and by the rival bidders. My evidence shows that at
least in this market, bidder entry decisions are stochastic, so the model of Levin and
Smith (1994) has empirical relevance.

4.3. Optimal Reserve Price with Endogenous Entry

Recall that the main prediction of the MQV paper is that raising the reserve price
from some low value to the salvage value of the good will increase expected auction
profits, even in an endogenous-entry context. In order to understand the effect of the
reserve price on expected revenues, I turn to the between-card experimental data.
Recall that these data provide samples of auction revenues at differing reserve price
levels (normalized by Cloister price for each card).

Table 4 summarizes the results of the experiment separately for each reserve-
price decile, from reserve prices of 0% of the Cloister price to reserve prices of
150% of the Cloister price. The table displays the total number of cards I auctioned
at each reserve price, the number of those which went unsold, and the mean and
standard deviation of the revenues at each reserve price level. The revenues are also
normalized by the Cloister price of each card, and an unsold card counts as an
observation of zero revenue. The data are displayed graphically in Figure 1, with the
mean revenues plotted against the reserve prices. The error bars show one standard
error in each direction (where the standard error equals the standard deviation in
revenues for that reserve price level divided by the square root of the number of
observations at that reserve price level). We see that the revenues are quite high
at a reserve price of zero, then drop off sharply at a reserve price of 10% of
Cloister price. Revenues seem to rise again, generally, between 50% and 100%
of the Cloister price, then fall again at higher reserve price levels. There are surpris-
ingly high revenues observed at 140% to 150% of the Cloister price, albeit with
high standard errors.

To test the MQV prediction also requires an estimate of the salvage value for the
unsold cards. I asked my local card dealer what he would pay me for my unsold
cards; he responded with an offer that was 20 percent of their Cloister price. He
further indicated that 20% of Cloister price would be his average offer price for
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Table 4. Cards and revenues at each reserve price. (Reserve prices and revenues
normalized by the Cloister price of each card).

Reserve price Total cards Unsold cards Mean revenue Std dev of revenue

0.0 96 0 1.192 1.071

0.1 33 0 0.847 0.549

0.2 36 2 0.857 0.594

0.3 34 0 0.823 0.599

0.4 27 2 0.775 0.500

0.5 32 2 0.945 0.517

0.6 20 1 0.977 0.480

0.7 16 0 0.965 0.259

0.8 23 1 1.093 0.469

0.9 31 4 0.983 0.500

1.0 35 6 1.055 0.674

1.1 32 4 1.113 0.491

1.2 15 7 0.804 0.861

1.3 21 10 0.760 0.772

1.4 17 6 0.967 0.867

1.5 14 5 1.104 0.893

cards of this quality and quantity, so I adopt a salvage value of 20% percent of the
Cloister price for each card.20

Now the question is whether a reserve price equal to the salvage value yields
expected profits at least as high as a reserve price less than the salvage value (0% or
10%) of salvage value. The point estimates of revenues certainly indicate that the
opposite is the case. In order to perform a formal hypothesis test, first I calculate
expected profits rather than expected revenues. For the 0% reserve price, all cards
sold, so profits remain the same as revenues: 1.192. For the 20% reserve price, two
cards went unsold; when I count salvage profits of 20% of Cloister price for each of
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Figure 1. Mean Revenue as a Function of Reserve Price

these cards, the estimate of expected profit rises slightly, from 0.857 to 0.870. Using
the calculated standard deviations, I conduct a test of the null hypothesis of equality
between expected profits at 0% reserve price and expected profits at 20% reserve
price. The resulting standard normal test statistic is 2.18, with a p-value of 0.029.
Thus, I reject the null hypothesis of equality at the 5% level of significance, and
conclude that expected profits are actually higher for a zero reserve price than theyr
are for a reserve price equal to the salvage value.21

This is a violation of the theoretical prediction, an example of a case in which
the auctioneer does better to hold an auction with a zero reserve price than to
set the reserve price equal to the salvage value. One possible explanation is that an
auction with no reserve price generates more enthusiasm among bidders, causing
higher levels of participation. In other words, modest minimum bids may eliminate
some high valuation-bidders, who would have bid high if they had participated,
but decide not to participate unless their attention is attracted by an auction with
zero minimum bids. Although a few items may end up being sold at very low
prices, they might serve as “loss leaders,” similar to the goods advertised at deep
discounts by supermarkets, enabling the auctioneer to collect higher revenues over-
all. This proposed effect involves increased entry through attracting bidders’ atten-
tion, with the absolute auction as a type of promotion, rather than assuming the
bidders will make a careful calculation of the costs versus the benefits of bidding.
Note in Table 4 that the total number of bidders in Auction R0 is actually lower
than in the other auctions, which might seem to be evidence against this effect,
although I should also note that the number of cards in auction R0 is also lower
than in the auctions with reserve prices. One caveat about this finding is that most of
the zero-reserve-price cards were sold in the same auction (R0). Although I did
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attempt to keep all other variables constant across auctions, the anomaly might be
due to some uncontrolled factor which was different between R0 and the earlier
auctions.

5. CONCLUSIONS

This study presents the results of controlled experimental auctions performed in
a field environment. By auctioning real goods in a preexisting, natural auction
market, I have obtained data in a manner that is intermediate between laboratory
experiments and traditional studies of field data. Some variables were unfortunately
unobservable and uncontrolled – for example, I could not assign “valuations” for
each good to each bidder, as a laboratory experimentalist might. On the other hand,
I have the opportunity to hold constant most of the relevant variables in the environ-
ment, and to manipulate the treatment variable, which in this case was the exist-
ence and level of reserve prices. By giving up the ability to observe and manipulate
some of variables that laboratory experimenters can control, I gained a realistic
environment. The participants had previous experience bidding for the types of real
goods I auctioned, and the auctions took place in an Internet-based market where
bidder entry decisions seemed potentially important.

The first result is that entry costs are an important feature of this real-world
auction markets, thus confirming the central assumption of endogenous-entry auc-
tion theory. The costs in the Magic-card market are probably not nearly as dramatic
as those postulated in other markets (for example, in the market for offshore oil
rights the bidders typically hire geologists to perform extensive analysis of the
potential for oil in a given tract). Here, the cost of acquiring information about
individual cards is quite small, but even the cost of typing in a bid amount appears
to have observable effects.

Second, when the same cards were auctioned twice in rapid succession, very
different sets of people decided to submit bids, despite the fact that the same superset
of people were invited to participate both times. This can be interpreted as evid-
ence in favor of the stochastic (mixed strategy) entry equilibrium model, where the
number of participating bidders varies unpredictably.

Third, I found that, contrary to the theory of McAfee, Quan, and Vincent (2002),
a zero reserve price can earn higher expected profits than a reserve price equal to the
auctioneer’s salvage value. Perhaps an absolute auction attracts significantly more
bidder attention than an auction with even modest reserve prices, causing more
additional entry than might be suggested by a model of rationally calculated bidder
entry decisions. It will be interesting to see whether this finding can be replicated in
other auction markets.

NOTES
1 Department of Economics, the University of Arizona. I wish to thank Mike Urbancic, Marius Hauser,

and Mary Lucking for their research assistance, and Skaff Elias for product information about Magic:
the Gathering. I would like to thank J.S. Butler, Rachel Croson, Glenn Ellison, Elton Hinshaw, Dan
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Levin, Kip King, Preston McAfee, Rob Porter, and Jennifer Reinganum for advice and constructive
criticism.

2 See Kagel (1995) for a review of auction experiments.
3 See Hendricks and Paarsch (1995) for a review of empirical work on auctions.
4 These models find simple, symmetric solutions by assuming that bidders decide whether to participate

before they learn their valuations. In my auctions, it is reasonable to assume that participants had
information about their valuations before making the entry decision, so the entry outcome might be
asymmetric. An example of such an asymmetric model is given by Samuelson (1985), where only
those bidders with high valuations participate in the auction, and the entry equilibrium is in pure
strategies.

5 Subjects made the decision whether or not to incur the cost c to enter. After the entry outcome was
observed, each of the n entrants had a 1/n chance of winning the payoff for that round of the
experiment.

6 An interesting implication of Pevnitskaya’s model is that an auctioneer can actually make himself
worse off by advertising a sealed-bid auction heavily. An increase in the number of potential bidders
increases the self-selection effect, causing less and less risk-averse bidders to enter the auction, and
thereby causing less aggressive bidding, as risk aversion is well-known to increase bids in a first-price
sealed-bid auction.

7 Although simultaneous auctions are not traditional for familiar auctions, such as those of art, estate
goods, or tulip bulbs, such formats have been used for timber and offshore oil auctions. The advent of
computerized bidding appears to be making the simultaneous auction format even more common.
In addition to the card auctions in this newsgroup market, simultaneous Web-based auctions are
becoming common at commercial sites such as eBay, and a simultaneous-auction format was used for
the recent FCC auctions of spectrum rights (see McMillan (1994) for details).

8 Although the standard practice in this marketplace is for auctioneers and other card sellers to charge
buyers for postage and/or handling, I chose not to do this. I wanted bidders to bid independently, as
much as possible, on each of the cards in which they were interested. Someone seriously interested in
one card might decide to bid higher on a second card in the same auction than they would if the cards
were auctioned independently, because they would like to spread out the postage costs per card by
purchasing more than one card simultaneously from the same source. In addition, some of the cards I
auctioned had rather low values, and I wanted to avoid having the card values be swamped by the cost
of shipping. For example, if a bidder won a single card for 20 cents and then had to pay a fixed 50-cent
shipping charge on top of that, the amount of useful information which could be derived from her bid
would be rather suspect. Therefore, in the interests of keeping bid data as clean as possible, I decided
to pay postage costs myself, and announced in advance that first-class shipping was included in the
amount of each bid.

9 A small number of winning bidders failed to pay for the cards they had won. In all, I received payment
for 90% of the cards sold, constituting 89% of the reported revenue in the within-card auctions. Almost
all of the “deadbeat” bidders were those who won only a single card, and who explained that they had
originally hoped to win more cards, and didn’t feel it was worth it to complete the transaction. I
discouraged such behavior, but was unable to eliminate it. Only one or two individuals won multiple
cards but failed to pay for them. Since none of the unpaid cards seemed to have outlandishly high
winning bid amounts, I have taken the point of view that all bids were made in good faith, and have not
excluded any observations from my analysis.

10 Both auctions lasted exactly seven days. The same 86 cards were up for bid in each auction.
Each auction announcement was posted exactly three times to the marketplace newsgroup, and was
emailed to primarily the same list of potential bidders. Even the subject line of the announcements
and mailings was kept identical, except that in the second auction, the words “5 Cent Minimum”
were removed.

11 For example, certain cards from the Arabian Nights expansion set increased in value by a factor of ten
during their first year out of print. It turns out that market prices for cards were actually rather stable
during the month in which this experiment was conducted, but I did not know a priori what was going
to happen to card prices.
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12 For example, suppose that a particular bidder is anxious to obtain a single Guardian Beast card for her
deck, so that her valuation of the card is higher than that of any of the other bidders in the experiment.
She may win the card in the first auction, and then have zero demand for that same card in the second
auction. If this is generally the case for most cards, that the highest-value bidders in the sample are
screened out in the first auction, then we might expect to see systematically lower revenues in the
second auction.

13 A sample auction announcement, as it appeared to the potential bidders both in electronic mail and in
the market place newsgroup, can be found on the World Wide Web at: http://eller.arizona.edu/~reiley/
papers/EndogenousEntry.html

14 A note on mnemonics. The first letter represents the card set: A for Antiquities, B for Arabian Nights.
The second letter is A for an absolute auction (reserve prices equal to zero), and R for an auction with
positive reserve prices.

These auctions were part of a series of auctions run for a larger research program, so participating
bidders saw me run several other auctions (not part of the research presented here) during the same
time period. This had two advantages where the experimental design is concerned. First, it helped
avoid drawing bidders’ attention to the point of my research. (For example, during this period I also
ran an English auction and a second-price auction and another first-price auction, with different sets of
cards.) I feared that if they knew I was looking for the effects of reserve prices, it might distort their
behavior (for example, they might consciously try to bid consistently from one auction to another).
Second, it had the effect of making bidders unsure of what I would do next. In particular, I didn’t want
bidders to expect that I would always auction the same card twice, for it might distort their behavior
if they knew they would have a second chance to bid on the same card.

15 A few of the auction items I denote as “cards” were actually groups of cards: either a sealed packet of
out-of-print cards, or a set of common cards bundled together.

16 It was necessary to do another absolute auction, rather than just reusing those of the previous section,
because those took place in a substantially different time period, with a very different number of
invited bidders, thus making their results incomparable to those of the within-card experiments.

17 For this series of auctions, the bidder pool was quite a bit larger than before. 531 individuals
were emailed to participate in Auction R1, and as some people specifically requested to be removed
from my auction announcement mailing list, the list dropped to 489 individuals by the time Auction
R4 began.

18 In practice, the number of cards at each reserve-price level ended up not being precisely equal.
Because I required bids to be in multiples of $0.05, I always took the computed reserve price and
rounded it down to the nearest acceptable bid amount. In the analysis below, I take the ratio of the
actual reserve price used to the Cloister price, and round to the nearest 10% level in order to examine
the effects of the reserve price on expected revenue. This results in unequal numbers of cards at the
different levels of reserve prices.

19 Because of the time and transaction costs involved in selling it off, it is conceivable that for some
bidders, the net resale value of a card might be less than five cents. However, most cards had gross
resale values of over a dollar, and many bidders in this market could be assumed to take some pleasure
in trading cards with others, as trading is a big part of the game culture.

20 I might have been able to shop around for a better price with a different card dealer, but this represents
my best estimate of a salvage value, which by definition should be net of all administrative costs,
including search costs.

21 The reader might wonder about robustness to alternative assumptions about the salvage value. In
particular is possible that I may have overstated auction profits, because my revenue figures are not
discounted for the labor and postage I spent in order to ship the cards to the winning bidders, and
therefore non-auction salvage might actually be more attractive, relative to auction revenues, than I
initially assumed. Assuming salvage values of 30%, 40%, or even 50% of Cloister price still yields
statistically significantly higher profits for a zero reserve price than for a reserve price equal to salvage
value, so the result is quite robust. (The difference is no longer statistically significant for assumed
salvage values of 60% or higher, as there are fewer observations at these higher reserve price levels.)
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Chapter 6

HARD AND SOFT CLOSES: A FIELD EXPERIMENT
ON AUCTION CLOSING RULES

Daniel Houser
George Mason University

John Wooders
University of Arizona

Abstract

Late bidding in online auctions has attracted substantial theoretical and empirical
attention. This paper reports the results of a controlled field experiment on late
bidding behavior. Pairs of $50 gift certificates were auctioned simultaneously on
Yahoo! Auctions, using a randomized paired comparison design. Yahoo? site allows
sellers to specify whether they wish to use a hard or soft close, and this enabled us
to run one auction in each pair with a soft close, and the other with a hard close. An
advantage to our randomized paired design is that differences in numbers of bidders,
numbers of simultaneously occurring auctions and other sources of noise in bidding
behavior are substantially controlled when drawing inferences with respect to treat-
ment effects. We find that auctions with soft-closes yield economically and statist-
ically significantly higher mean seller revenue than hard-close auctions, and that the
difference is due to those cases where the soft-close auction is extended.

1. INTRODUCTION

The growth of auctions on the Internet raises new theoretical questions, provides a
wealth of data on bidding behavior in auctions, and presents new opportunities for
running experiments in the field. The present paper reports the results of a field
experiment on the effects of closing rules on auction outcomes. Different auction
sites have adopted different closing rules. On eBay, auctions have a “hard” close,
with the seller specifying when it ends (either exactly 3, 5, 7, or 10 days after it is
listed). On Amazon, auctions have a “soft” close, with the auction ending at the
scheduled closing time if no bids arrive in the prior 10 minutes, but with the auction
otherwise ending only after 10 minutes has elapsed without a bid.

The present study takes advantage of the fact that Yahoo! Auctions allows a
seller, when listing an auction, to choose whether to end the auction with a hard or

© 2005 Springer. Printed in the Netherlands. 
A. Rapoport and R. d Zwick (e(( ds.), Experimental Business Research, Vol. II, 123–131.
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soft close.1 In our experiment, identical pairs of $50 gift cards were auctioned
simultaneously, with one card of the pair auctioned with a soft close and the other
auctioned with a hard close. We find that soft-close auctions yield higher revenue
than hard-close auctions, and this difference is statistically significant. Both types of
auctions were equally likely to have a “late bid”, i.e., a bid submitted within the last
five minutes of the auction. However, our ability to detect differences in the fre-
quency of late bidding is limited by the small sample size of our study.

Our study is motivated, in part, by Roth and Ockenfels’ (2000, 2002) comparison
of last minute bidding (also know as “sniping”) on eBay and Amazon, on auctions
of computers and antiques. Roth and Ockenfels find that there is significantly more
late bidding on eBay auctions than on Amazon auctions. In their data set, more than
two-thirds of the eBay auctions received a bid in the last 30 minutes of the auction,
and about 40 percent received bids in the last five minutes. In contrast, on Amazon
only about one quarter of the auctions received a bid in the last 30 minutes of the
auction, and only 3 percent received a bid in the last five minutes.

This difference in the timing of bids is consistent with a theoretical analysis
of hard and soft close auctions. One explanation for the difference stems from the
fact that, in practice, there is some chance that an attempt to place a bid at the last
minute of an auction will not be successful. When this is this case, Roth and Ockenfels
(2000) show that for auctions with a hard close there is an equilibrium in which
all bidders submit a bid equal to their value at the last minute (under some assump-
tions on the distribution of values). In this equilibrium the bidders tacitly collude
– all the bidders respond to an early bid by bidding their values immediately. In
equilibrium a bidder prefers to bid late, and face a smaller number of competing
bids, rather than bid early and having his bid successfully placed, but face competing
bids from all the other bidders. Roth and Ockenfels also show that last-minute
bidding is a best response to an “incremental bidding” strategy by naïve bidders.2

In soft-close auctions, a last-minute bid extends the bidding. Roth and Ockenfels
show that in soft-close auctions it is not an equilibrium for all bidders to submit
last-minute bids. Nor is last-minute bidding a best response to incremental bidding
in soft close auctions.3

Both theoretical explanations of late bidding suggest that seller revenue is lower
in auctions with a hard close. In the equilibrium with tacit collusion the seller
receives (in expectation) fewer bids. Against an incremental bidder, a bidder who
snipes pays less than the incremental bidder’s value.

Several factors prevented Roth and Ockenfels from comparing seller revenue in
hard and soft close auction. When their data was collected in the fall of 1999, eBay
was already the dominant auction venue, with many more bidders than Amazon.4

Even if the same items were sold on both sites, this alone would make it difficult to
determine whether revenue differences between hard and soft close auctions were
due to differences in the closing rule or in the number of bidders. In fact, the com-
puters and antiques sold on each auction sites are heterogeneous both within and
across the auction sites. The sellers on the two sites also have different reputations
(represented by their feedback profiles), which influences the bidders’ values for the
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items.5 These factors prevent a straightforward comparison of revenues of hard-close
(eBay) and soft-close (Amazon) auctions.

Our experiment had a paired design, with pairs of identical items auctioned at the
same time (on Yahoo), with one item in the pair sold in a soft-close auction and
the other sold in a hard-close auction. Hence the number of potential bidders and
their characteristics were identical for both auctions in a pair. The same seller ID
was used for both auctions, and hence the seller’s feedback profile (called the seller
“rating” on Yahoo) was also the same between paired auctions. This design allows
for a test of the effect of the closing rule on revenue, and it has high power with even
a small sample of auctions. The results of the present paper support the conclusion
that revenue is lower in hard-close auctions.

2. RELATED EXPERIMENTAL LITERATURE

Several other papers have also investigated the effect of the closing rule on the
timing of bids and seller revenue. We focus on the results for seller revenue. In a
laboratory experiment, Ariely, Ockenfels, and Roth (2002) find that seller revenue is
higher in the soft-close treatment than in the two hard-close treatments they con-
sider. (In one hard-close treatment, last minute bids are processed with probability
.8, while in the other they are processed for sure.) The soft-close also yields more
revenue than a second-price sealed-bid auction.

In a paper closely related to our own, Gupta (2001) studies the effect of closing
rules by comparing the outcomes of hard and soft-close Yahoo auctions. His approach
involved selling forty matched pairs of identical sealed music CD’s, with one CD
from each pair being sold in an auction of each type. He found that the mean sale
price in the soft-close auctions was $6.89, as compared to $6.60 in the hard-close
auctions. However, he reports that this price difference is not statistically significant
(p = 0.31). More generally, he found that “comparisons between the two treatment
groups [hard and soft-close auctions] yielded no significant differences in either
price, bid number or bid timing” (p. 26).

Gupta’s study was carefully done. Nevertheless, one potentially important
reason that he did not find differences in behavior between auction types is that
the participants in his auctions might not have realized that they were bidding in a
hard- or soft-close auction, and even if they recognized it, might not have under-
stood the meaning of the closing rule. Evidence in support of this is that although
several of his auctions were extended, none of his extended auctions received bids
during the extended time. In the present study, we avoid this confound by making
salient on our auction page the nature and meaning of the auction closing rule (see
the Item Information in Figure 1). Another possible explanation for the difference
between our results and Gupta’s is that the stakes in his study are substantially
smaller, and hence may not provide bidders with sufficient incentive to carefully
time the placing of their bids.

Moreover, although Gupta auctioned matched pairs of items, it is not clear
whether he auctioned each item in the pair concurrently. Final auction prices can
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Figure 1. Typical Soft-Close Auction Page.

vary for a large number of reasons, particularly because of variations in the number
of potential bidders. As a result, the impact of closing rules can be obscured by other
differences in the auction environment. As we describe in detail below, our design is
to run each item in the pair at the same time, and therefore ensure a common auction
environment. This reduces the effect of confounding factors on outcome differ-
ences and, consequently, allows relatively more compelling inference about closing
rule effects.

3. EXPERIMENT DESIGN

Our design provides a clean and simple way to compare the effects of different
closing rules on auction outcomes. The primary advantage of our field experiment
is that we gain a subject pool and environment more closely tied to the naturally
occurring world. At the same time, we inevitably lose some control that we have
in the laboratory. Like all empirical analyses of field auction data, we lose control
of the number of potential bidders (a number critical for the theory), as not
all potential bidders are observable. (The number of actual bidders is of course
observable, but this provides only a lower bound on number of potential bidders.)
We also lose control over all dimensions of the set of competing auctions, including
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how many there are, how closely related they are to our product, and how they are
advertised.

Our approach to mitigating the noise associated with the field experiment to
adopt a randomized “paired” experimental design. The idea is to run two auctions
simultaneously, where the auctions are identical in every way except the closing
rule. In particular, one of the auctions is listed with a hard close, and one with a soft
close. The main advantage to this randomized paired design is that differences in
numbers of bidders, numbers of simultaneously occurring auctions and other sources
of noise in bidding behavior are substantially controlled when drawing inferences
with respect to closing rule effects. We chose Yahoo because Yahoo allows sellers
to specify whether they want to use a hard or soft close.

One potential disadvantage of the paired design is that our auctions compete
with each other, and some might argue that this creates an artificial environment
that weakens our study’s external validity. In fact, a casual inspection of any major
auction website reveals many essentially identical auction listings across many prod-
uct categories. Our experience is that it is more the exception than the rule to have a
unique item with few very closely competing auction listings. Consequently, although
it forces a departure from some of the premises of standard auction theory, we
believe a paired design enhances our study’s ability to predict the effects of different
closing rules as used in actual Internet auctions.

The item sold in each of our auctions was a $50 gift certificate that could be
redeemed at a chain-store with outlets throughout the United States. Although each
pair of auctions sold a gift certificate for the same store, the stores were varied across
auction pairs. The stores were chosen in an effort to appeal to customers of varying
demographic characteristics, so that we would obtain variety in the people interested
in participating in our auctions. For example, we auctioned gift certificates to both
Sears and Crabtree and Evylyn. While certainly there is some overlap in these stores’
customers, this overlap is not likely perfect. The seven stores we included in our study
are: Borders Books, Circuit City, Crabtree and Evylyn, Sears, Target, Toys-R-Us,
and Victoria’s Secret.

An important advantage of selling gift certificates, then, is that they allow
high homogeneity within a pair yet provide heterogeneity across pairs. There are
other substantial advantages to selling gift certificates. An important one is that gift
certificate auctions are clearly private value auctions. That is, one bidder’s bid
does not convey any information to the other bidders about the value of the gift
certificate. For example, a bidder’s value for a Borders Books certificate will depend
on idiosyncratic factors including his cost of traveling to the nearest Borders, and
his preference for Borders products in relation to those available at other nearby
bookstores. This latter could vary with, for example, relative return policies. Other
practical advantages to selling gift certificates are that they are easy to obtain, easy
and inexpensive to ship, easy to describe and, again, exceptionally homogenous.

Both auctions in a pair were posted at the same time and using a nearly identical
page layout and item description. Figure 1 shows the auction page for a typical soft-
close auction. The text “Auction may get automatically extended,” which appeared
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in the page’s “Notes” section, indicated to participants that the auction had a soft
close. A hard-close auction contained, instead, the text “This auction does not get
extended automatically.” In addition, we described the closing rule for each type of
auction in the item description. Soft-close auctions included the text “This auction
is automatically extended an additional 5 minutes whenever a bid is placed within
5 minutes before the auction close,” whereas in hard-close auctions we stated “This
auction does not get automatically extended and ends at the close time given above.”
As discussed above, the reason for emphasizing the closing rule was to increase
the likelihood that subjects would both notice and understand this auction feature.
Note again that, other than differences regarding the closing rule, the auction pages
were identical.

An undergraduate research assistant created a Yahoo account for the purpose
of this project and posted each auction pair. The account was held fixed across
auctions. All auction winners were promptly and appropriately sent the item they
had won. As a result, the seller’s rating score increased over the course of the
experiment. This is not a concern for our study, as each auction in a pair was held
in the same reputation environment, and our inferences are based on the distribution
of within-pair outcome differences.

4. RESULTS

We conducted 15 pairs of auctions during the Fall 2001 academic semester. One
auction pair was lost due to a recording error (a Victoria’s Secret auction) leaving 14
auction pairs in our data set. While this number is not large, it should be remem-
bered that we base our results on differences in auction outcomes within pairs, a
procedure that has relatively high statistical power. Indeed, we see below that even
with this limited data set, statistical differences in outcomes between auctions with
hard and soft closes are apparent.

Table 1 describes the outcomes of the 14 auctions in our data set. The first
column lists the store associated with the auctioned $50 certificates. Note that five
of our seven stores were used for two auction pairs, Sears was used for one and
Borders for three. The next three columns describe the number of bids, revenue and
whether there were late bids in each of the soft-close auctions. The number of bids
ranged from a low of six (Sears) to a high of 33 (Toys-R-Us) with a mean of 18.
Revenues varied between $27.25 (Borders) and $46.05 (Target), with an average
of $36.15. Five of the soft-close auctions received late bids and were extended.
Within this set, the number of bids ranged from 15 to 33, while revenues ranged
from $27.25 to a maximum $35.33.

The next three columns of Table 1 detail the results of the hard-close auctions.
The number of bids ranged from a low of 5 (Circuit City) to a high of 37 (Victoria’s
Secret), with a mean of just under 19. Revenue from the hard-close auctions was
lowest in a Border’s Books auction ($26) and highest in a Target auction ($47),
averaging just under $35. There were five hard-close auctions in which bids were
entered within 5 minutes before the close. (Of course, these auctions were not
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Table 1. Auction Outcomes

Soft Close Hard Close Difference
(Soft – Hard)

Store Number Revenue Late Number Revenue Late Number Revenue
of Bids Bids of Bids Bids of Bids

Borders 17 $37.01 No 12 $35.01 No 5 2.00

Target 9 $46.00 No 19 $47.00 No −10 −1.00

Victorias Secret 29 $34.00 Yes 37 $31.95 Yes −8 2.05

Sears 6 $31.01 No 13 $32.01 No −7 −1.00

Toys “R” Us 33 $35.33 Yes 32 $33.00 No 1 2.33

Circuit City 18 $34.33 No 5 $31.01 No 13 3.32

Crabtree & Evelyn 21 $32.06 Yes 27 $28.03 Yes −6 4.03

Borders 21 $32.01 No 19 $32.01 No 2 0.00

Target 16 $46.05 No 23 $45.00 No −7 1.05

Toys R Us 12 $41.00 No 15 $41.00 No −3 0.00

Victorias Secret 10 $42.00 No 16 $43.00 No −6 −1.00

Circuit City 28 $37.00 No 18 $38.21 Yes 10 −1.21

Borders 17 $27.25 Yes 12 $26.00 Yes 5 1.25

Crabtree & Evelyn 15 $31.11 Yes 17 $26.04 Yes −2 5.07

Mean 18.00 $36.15 18.93 $34.95 −0.93 1.21

extended.) Among the late bid set, the number of bids ranged from 12 to 37, and
revenues from $26 to $38.21. Four of the 14 hard-close auctions generated revenues
greater than $40.

The price of the same gift card varied substantially across auctions at different
times. Borders cards, for example, fetched as much as $37.01 in one soft-close
auction, but received only $27.25 in another soft-close auction. This suggests that
the Yahoo gift card market is relatively “thin,” with the price depending heavily
on the willingness to pay of the bidders who happen to be present. (Note that prices
in the hard-close auctions are correlated with prices in the soft-close auctions.)
This variation in prices highlights the advantage of the paired design. It controls
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for the substantial variation in price that is due to factors other than the auction
closing rule.

The final two columns of Table 1 detail the differences in outcomes between
the soft and hard-close auctions. The difference reported is outcome in the soft-close
auction less the outcome in the hard-close auction. With respect to number of bids,
this difference ranges from a low of −10 (Target) to a high of 13 (Circuit City). The
average difference is about −1, but is not statistically significant. The implication
is that the number of bids in the two environments is about the same. Revenue
differences range from a high of about $5 (Crabtree and Evelyn) to a low of −$1.21
(Circuit City). There were two occasions in which the auction types earned identical
revenue (Borders and Toys-R-Us.) In eight of 14 of our auction pairs the soft-close
auction earned more revenue. The soft-close auctions generated an average (over
all auctions) of $1.21 (3.5%) more than the hard-close auctions, and this differ-
ence is statistically significant (Wilcoxon signed-rank test for paired observations,
p < 0.05).

A closer inspection of the revenue difference figures reveals a very close rela-
tionship of revenue to whether the soft-close auction was extended. In particular, on
each of the five occasions where the soft close auction received late bids, it also
generated higher revenue than the hard-close auction. Among this set, the average
revenue advantage was about $3 (about 10%). The soft-close auction earned greater
revenue in only three of the nine auctions that did not include late bidding, and
among that set the mean revenues were almost exactly identical.

In summary, our results suggest that soft-close auctions produce statistically
significantly greater revenue on average than hard close-auctions, but this is due to
those cases where the auction is extended. An interesting feature of our data is that
there are an equal number of late bids placed in each type of auction.

5. CONCLUSION

Laboratory evidence from Ariely, Ockenfels, and Roth shows that a seller obtains
more revenue when they sell using a soft rather than a hard-close auction. This study
presents evidence that the soft-close auction continues to be superior, even when it is
employed in the field. Furthermore, the soft-close auction raises more revenue than
a hard-close auction, even when both auctions must compete for bidders, as is the
case in the field.

The difference between our results and Gupta’s (2001) suggests that the size
of the stakes may be important in understanding behavior in soft- and hard-close
auctions. In particular, the revenue advantage we find for soft-close auctions may
become insignificant in auctions of smaller denomination gift cards, if bidders
believe is it not worth their effort to time the placing of their bids. This is an interest-
ing direction for future research. A larger field study, using more auctions than the
present study, would provide more insight into whether the closing rule affects the
timing of bids.
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NOTES
1 The closing rules are slightly different between Amazon auctions and Yahoo soft-close auctions. A

Yahoo soft-close auction ends at the scheduled closing time if there are no bids in the 5 minutes prior
to the close. Otherwise, the auction is extended by 5 minute increments, until one of these increments
passes without any bids. Hence, while an Amazon auction may end any number of minutes after the
scheduled close, a Yahoo soft-close auction always ends a multiple of 5 minutes after the scheduled
close.

2 An incremental bidder raises his bid by the minimum increment whenever he is outbid, so long as this
would not lead him to bid above his value.

3 See also Ariely, Ockenfels, and Roth (2002) for theoretical models of late bidding in eBay and Amazon
auctions. In common value auctions they show that an expert bidder, who is better informed about
the item’s true value, also has an incentive to bid late so that other bidders can not free ride on his
information.

4 Bidders may also self select into eBay or Amazon auctions in a way that depends on their characteris-
tics, introducing the possibility of selection bias.

5 In a study of Pentium processor auctions on eBay, Houser and Wooders (2000) show that positive and
negative feedback both have a statistically significant effect on price.
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Chapter 7

WHEN DOES AN INCENTIVE FOR FREE RIDING
PROMOTE RATIONAL BIDDING?

James C. Cox
University of Arizona

Stephen C. Hayne
Colorado State University

Abstract

Economics has focused on models of individual rational agents. But many important
decisions are made by small groups such as families, management teams, boards of
directors, central bank boards, juries, appellate courts, and committees of various
types. For example, bid amounts in common value auctions such as the Outer Con-
tinental Shelf oil lease auction are typically decided by committees. Previous experi-
mental research with natural groups has found that group bidders are significantly
less rational than individual bidders in how they use information in common value
auctions. Experiments reported here involve cooperative and non-cooperative nom-
inal groups. The unequal profit-sharing rule applied to non-cooperative nominal
groups creates an incentive to free ride within the bidding groups. This incentive
to free ride tends to offset the winner’s curse and promote rational bidding.

1. INTRODUCTION

Economics has traditionally focused primarily on the behavior of individual rational
agents interacting in markets and other strategic game environments. But many
important economic, political, scientific, cultural, and military decisions are made
by groups. Decision-making groups have many forms including families, manage-
ment teams, boards of directors, central bank boards, juries, appellate courts, and
committees of various types.

Numerous researchers in management science and psychology have previously
studied group decision-making. Our research involves some important departures
from previous work in that: (a) we study group decision-making in the context of
strategic market games, rather than non-market games against nature; and (b) we
use a natural quantitative measure to determine whether and, indeed, how far groups’
decisions depart from rationality.

© 2005 Springer. Printed in the Netherlands. 
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We study group decision-making in the context of bidding in common value
auctions. Bidding strategies in many important auctions are usually decided by
groups. For example, oil companies typically use committees comprised of man-
agers and geologists to determine bids for purchasing oil leases (Capen, Clapp &
Campbell, 1971; Hoffman, Marsden, & Saidi, 1991). General contractors typically
use committees to determine bids for large contracts (Dyer and Kagel, 1996).

In another paper (Cox and Hayne, 2002), we study decisions made by individuals
and by “natural” groups – groups whose members conduct face to face discussion to
arrive at a single group decision by whatever decision rule they choose to adopt. In
this paper, we study decisions made by “nominal” groups – groups whose members
arrive at a group decision by some pre-specified decision rule without an opportun-
ity for face-to-face discussion. Nominal groups are further divided into “cooper-
ative” groups (where there is no conflict of interest among group members), and
“non-cooperative” groups (where the interests of the individual group members are
partially conflicting).

Decision-making responsibility may be assigned to groups, rather than indi-
viduals, because of a belief that (a) groups are inherently more rational than indi-
vidual decision-makers and/or (b) important pieces of information are possessed by
different individual members of groups. In Cox and Hayne (2002), we report some
perhaps surprising results comparing bids made by individuals with bids made by
natural groups of 5 individuals that share equally in the profit or loss from a win-
ning bid. The question posed in that paper is whether natural groups are more or less
rational than individuals in common value auctions. We report that the answer
depends upon the defining characteristics of natural groups. If one assumes that
natural groups are decision-making entities consisting of more than one indi-
vidual with distinct information then comparison of results from treatments involv-
ing natural groups, with value signal sample size of 5, with treatments involving
individuals, with signal sample size of 1, supports the conclusion that natural groups
are less rational than individuals. On the other hand, if one assumes that natural
groups consist of individuals that have common information then comparison of
results from treatments involving natural groups, with signal sample size of 1, with
treatments involving individuals, with signal sample size of 1, supports the conclu-
sion that natural groups are neither less nor more rational than individuals.

In the present paper, we compare bidding behavior of cooperative nominal groups
with that of non-cooperative nominal groups; we change the incentives within the
group. The treatments in this experiment involve two categories of groups with three
individuals in each group. Bidding occurs under two conditions that differ only with
regard to the way in which the group’s profit or loss from a winning bid is divided
among the group members. This enables us to vary the relationship within the group
while keeping intact the number of decision-makers in each group and the nature of
their joint decision vis-a-vis the other bidding groups in the market. For both types
of nominal groups, the imposed decision rule is that a group’s bid is the average of
the bids submitted by individual members of the group. In the cooperative group
treatment, all members of a group share equally in the profit or loss from a winning
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bid. In the non-cooperative treatment, the individual members share equally in the
value of the item if their group has the winning bid but share unequally in the
cost of the winning bid: each member of the winning-bid group pays one-third
of the amount of his own bid. While all the members in a non-cooperative group
have a common interest in submitting a winning bid, each individual member also
has an interest in minimizing his own cost associated with the bid. Thus the non-
cooperative treatment provides each player with an incentive to free ride. Consider
individual j who is a member of a bidding group. Individual j prefers that her group-j
mates submit bids that are high enough for her group to have the winning bid while
she bids zero. But if individual j bids too low she runs the risk that her group will
not have the high bid, and hence receive zero payoff.

While the non-cooperative treatment involves an incentive to free riding, whether
or not a low bidder actually free rides depends on the bids of the other group
members. If the low bidder prevents his group from winning an auction in which,
because of their high bids, the other two group members would have lost money,
then he is not gaining at their expense, hence not actually free riding. In contrast,
if a group has the high bid in spite of a low bid by one member of the group, then
the low bidder is free riding. In any case, the non-cooperative treatment does provide
an incentive to group members to free ride on others’ bids that are high enough to
win the auction.

The behavior of cooperative nominal groups can be compared with that of the
natural groups studied in Cox and Hayne (2002). This comparison allows one to
separate the effect on group decision-making of processes associated with face-
to-face interaction from the effect of the mere aggregation of individuals’ decisions.
In contrast, comparison of the bidding behavior of cooperative and non-cooperative
nominal groups allows one to isolate the effect on group bidding behavior of the
incentive to free-ride created by the unequal sharing rule for non-cooperative groups.
This permits us to address the question of when, or indeed if an incentive for free
riding promotes rational bidding in common value auctions.

2. A QUANTITATIVE MEASURE OF DEVIATION FROM RATIONAL
BIDDING BEHAVIOR

Consider an auction market where the bidders do not know the value of the item
being sold when they submit their bids and the value, v of the item is the same for all
bidders. Consider a first-price sealed-bid auction in which the high bidder wins and
pays the amount of its bid for the auctioned item. Further envision that each bidder
receives an independent signal, si that provides an unbiased estimate of the object’s
true value. The expected value of the auctioned item conditional on the bidder’s
signal is denoted by E(v | si). The expected value of the auctioned item conditional on
the bidder’s own signal being the highest of N signals (i.e., equal to the highest orderN
statistic, yN) is denoted by NN E(v |si = yN). For bids by NN N > 1 bidding entities, one has

E(v | si) = si > E(v | si = yNyy ) (1)NN
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by well-known properties of order statistics. Thus if bidders naively submit bids
equal to or slightly below their common value estimates, si they will have an expected
loss from winning the auction; that is, they will suffer from the winner’s curse.

Consider the case where the common value of the auctioned item is uniformly
distributed on the interval, [vl, vk ] and each individual agent’s signal is independ-
ently drawn from the uniform distribution on [v − θ, v + θ ]. For this case, one has

E(v | si = yN)NN − E(v | si) = −
−
+

N

N
,

1

1
θ (2)

for all si � [vl + θ, vh − θ ]. Thus, if bidders naively submit bids equal to their
signals then the cursed winning bidder will have an expected loss in the amount
θ (N − 1)/(N + 1). This expected loss is increasing in the number of bidders, N.

Now assume that each member of each group has a signal that is independentlyr
drawn from the uniform distribution on [v − θ, v + θ ]. Under these conditions,
groups of size G > 1 have a signal sample size of G > 1 on which to base their
estimates of the common value. Because the signals are drawn from a uniform
distribution, the signal sample midrange, mi provides an unbiased estimate of the
value of the auctioned item. The expected value of the auctioned item conditional
on the bidder’s signal sample midrange is denoted by E(v | mi). The expected value
of the auctioned item conditional on the bidder’s own signal sample midrange being
the highest of N signal sample midranges (i.e., equal to the highest order statisticN
of sample midranges, zNz ) depends on the sample’s range,NN ri and is denoted by
E(v | ri, mi = zNz ). With signals drawn from the uniform distribution, one hasNN

E(v | ri, mi = zNz )NN − E(v |mi) = −
−
+

N

N
i(   ).− rirr

1

1

1

2
θ  (3)

Comparison of statements (2) and (3) reveals that groups with size G > 1 signal
samples will have a smaller expected loss from naively bidding their signal sample
midranges, than will individuals from naively bidding their signals, except in the
improbable extreme outcome in which all of the signals in the sample with the
highest midrange have the same value (and, hence ri = 0). In the other improbable
extreme outcome, in which the signal sample with the highest midrange has a range
equal to 2θ, there will be zero expected loss from bidding an amount equal to theθ
sample midrange. But, of course, in this case the bidder knows the auctioned item’s
value with certainty.

Note that equation (3) suggests a quantitative criterion for determining the
extent of deviation from minimally-rational bidding in common value auctions.
The magnitude of the winner’s curse that is exhibited by winning bidder i, in a
market with N bidders, isN

EVCurse = bi
w − E(v | ri

w, mi
w = zNz ) (4)NN
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where bi
w is the winning bid, v is the common value of the auctioned item, ri

w is the
winning bidder’s signal sample range (which is zero for signal sample size of 1),
mi

w is the winning bidder’s signal sample midrange (or signal, for signal sample
size 1), and zNz is the N Nth order statistic of sample midranges (or signals, for signal
sample size 1). Note that EVCurse is the magnitude of the expected loss (or profit,
if it is negative) from winning the auction.

In order not to have an expected loss from winning, a bidding group or indi-
vidual must discount its naive estimate of the common value (its signal or its signal
sample midrange) by at least the amount (θ − 1/1 2ri)(N − 1)/(N + 1), where it is
understood that ri = 0 for signal samples of size 1. Furthermore, the size of this
minimum rational discount is independent of mi so long as mi � [vl + θ, vh − θ ].
These conditions are essentially always satisfied by the signals drawn in our experi-
ments in which θ = 1800 and [vl, vk] = [2500, 22500]. Therefore, deviations from
minimally-rational bidding can be measured by linear regressions relating winning
bids to the signal sample ranges and midranges of the winning bidders, as we do in
section 4. Bids that yield zero expected profit are given by the following equation
when mi � [vl + θ, vh − θ ]:

b
N

N
m

N
rZero

i irrmi
(   )N

.= −
−
+

+ +mi

−1

1

1

2(   NN
θ (5)

Bids that are lower than bZero have non-negative expected profit regardless of
what rival bidders are bidding. In contrast, bids that are higher than bZero are not
economically rational because they have non-positive expected profit, that is, they
exhibit the winner’s curse. Of course, a bid may be less than bZero but still higher
than the Bayesian-Nash equilibrium bid for the bidder’s signal sample. But that
would not imply that the bid is irrational unless the bidder knew that all other
bidders were bidding according to the Bayesian-Nash equilibrium bid function.
If rival bidders are bidding above the Bayesian-Nash equilibrium bid function
then a bidder’s rational best reply may be to also bid higher than bids specified
by the equilibrium bid function. But it would never be rational to bid higher than
bZero because: (a) such bids have non-positive expected profit regardless of what
rival bidders are bidding; and (b) such bids have negative expected profit if rival
bidders are bidding less than bZero. In short, a bidder who bids above bZero will have
negative expected profits unless there are “bigger fools” to save him from having the
high bid by making bids with negative expected profits themselves. Therefore, it is
comparison with bZero that provides a strong test for rational bidding. Any bid above
bZero is characterized by the winner’s curse, which is not rational bidding.

3. EXPERIMENTAL DESIGN AND PROCEDURES

The design of our experiment addresses the effects on nominal groups of different
profit-sharing rules. Individuals are randomly assigned to three-person groups. Each
market includes three nominal group bidders. A nominal group’s bid is the average
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(that is, the mean) of the three bids submitted by individual members of the group.
In the cooperative-group treatment, the members of the group with the highest
average bid share equally in the profit or loss from submitting the winning bid. In
the non-cooperative-group treatment, each member of the highest-bid group receives
one-third of the value of the auctioned item and pays one-third of the amount of his
individual bid.1 This unequal profit-sharing rule produces an incentive for free riding
within groups: an individual member of a group will realize the highest possible
profit (conditional on the common value) when the bids by the other two group
members are high enough to win the auction and she bids zero. But if a subject bids
too low he runs the risk that his group will not have the high bid and incur an
opportunity cost of foregone profit.

Reports of results from previous common value auction experiments with indi-
vidual bidders (Kagel and Levin, 1986; Kagel, et al., 1989) have focused on the
behavior of experienced subjects, where “experience” means having participated in
one or more previous common value auction experiments. The reason for this is that
most subjects fall victim to the winner’s curse in all experimental treatments when
they are first-time bidders but such inexperienced behavior is not considered to be
very interesting. We use subject experience as a treatment to allow comparison of
our results with those in the literature.

The experiment was conducted in the Economic Science Laboratory (ESL) at
the University of Arizona. Each individual had his own personal computer that
was connected via the Internet to software running on a server at Colorado State
University. Subjects were recruited from the undergraduate student population.
Experimental sessions were run in two-day sequences of two-hour blocks. Subjects
were paid all of their earnings at the end of the experiment on the second day.
Subjects were randomly assigned to groups and randomly dispersed to computers as
they moved into the laboratory.

The subjects were given written instructions describing bidding procedures in
the first-price sealed-bid auctions. The instructions are reproduced in the appendix.
The instructions contain a detailed description of the information environment of the
common value auctions. Thus, subjects were informed in non-technical terms that
in each auction round the computer would draw a value for the auctioned item from
the discrete uniform distribution on the integers greater than or equal to 2,500
experimental dollars and less than or equal to 22,500 experimental dollars. They
were informed that the common value would not be revealed but that it would be the
midpoint of a uniform distribution from which their value estimates, or signals,
would be independently drawn. They were informed in non-technical terms that,
after the computer drew a common value v for a round, it would draw all signals
independently from the uniform distribution on [v − 1800, v + 1800]. Information
about how the signals would be drawn was presented to the subjects both in their
written instructions and orally by the experimenters. The oral presentation used the
analogy with bidding on oil leases and interpreted the signal(s) as estimates of the
value of an oil lease by geologist(s). The instructions did not contain any discussion
of the order statistic property that is conventionally thought to underlie the winner’s
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curse. The instructions contained non-technical explanations of how the common values
and subjects’ signals were generated, the rules of the first-price sealed-bid auction,
and the applicable profit-sharing rule. The subjects were informed orally of the num-
ber of bidding groups in the auction and the number of subjects in each group. This
information was also written prominently on a whiteboard at the front of the laboratory.

On day 1, the inexperienced subjects first participated in 10 periods of practice
auctions. After each practice auction, the subjects’ computer monitors displayed the
common value, all subjects’ bids, and the amount won or lost by the high bidder.
The subjects were each given a capital endowment of 1,000 experimental dollars in
order to allow them to make at least one sizable overbid without becoming bankrupt.
At the end of the practice rounds, the subjects’ profits and losses were set to zero and
they began at least 30 monetary-payoff rounds with new 1,000 experimental dollar
capital endowments. The actual number of monetary-payoff rounds to be completed
was not announced. Signals were presented to the subjects on sheets of paper; each
subject was given a single sheet of paper with signals for 10 practice rounds and
40 monetary-payoff rounds. The experiment was ended on a monetary payoff round
randomly chosen between 30 and 40. Signals, common values, and bids were
denominated in experimental dollars, with a clearly specified exchange rate into U.S.
dollars. During the monetary-payoff rounds the information reported at the end of
each auction included only the common value and the high bid, not the bids by other
bidders. We decided not to report all bids in order to make collusion more difficult
and to adopt procedures that correspond to minimal reporting requirements in non-
laboratory auctions. Each individual in a winning bidder nominal group could see
his individual profit or loss and cumulative balance. The procedures were the same
on day 2 as on day 1. Earnings from both day 1 and 2 sessions, together with the
$15 individual participation fees, were paid after the end of the day 2 sessions.

A few individuals made data entry errors during the experiment sessions with
inexperienced subjects even though the software asked them to confirm their bids.d
Such errors were obvious because they usually consisted of mistakenly typing one
fewer or one more digit in the bid than was intended. Subjects who made these
errors usually immediately brought them to the experimenters’ attention. Such errors
were usually obvious because they produced bids that were too low or too high by a
multiple of 10. We forgave losses resulting from data entry errors. Auction period
data with data entry errors are excluded from our data analysis for the inexperienced
bidders. There were no known data entry errors in the experiment sessions with
once-experienced subjects.d

Many inexperienced group-bidding entities made winning bids that turned out tod
be so high that they attained negative cumulative payoffs. A few once-experienced
groups also incurred negative balances in the cooperative treatment but none did so
in the non-cooperative treatment (see Table 1). When a group’s cumulative payoffs
were negative at the end of a session, the loss was forgiven (the group was permitted
to “go bankrupt”). Allowing bidders to continue bidding after they have attained a
negative cumulative balance can be a problem because the experimenter might lose
control of their incentives. Therefore, we analyze data in Section 4.2 only from
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Table 1. Summary Bidding Behavior

Experience Groups Payoff a

Type Total Bankrupt Zero Average Low High
Bids

0 Coop. 36 19 12 $6.31 $0 $23.09
($18.93) ($0) ($69.26)

0 Non-coop. 24 2 7 $12.92 $0 $42.99
($38.77) ($1.60) ($87.61)

1 Coop. 36 9 12 $11.25 $0 $25.40
($33.74) ($0) ($76.21)

1 Non-coop. 24 0 1 $23.01 $0 $77.39
($69.03) ($22.75) ($103.05)

a. Figures in parentheses are earnings for the whole group.

periods in a bidding market session prior to a period in which any bidding group had
a negative cumulative balance at the beginning of the period.

4. DATA ANALYSIS

4.1. Group Payoffs and Bankruptcies

The nominal groups’ and individual subjects’ high, low, and average money payoffs
from bidding in all rounds of all sessions in the common value auctions (excluding
the participation fees) are reported in Table 1.2 The first column reports the experi-
ence level of the groups (inexperienced = 0, once-experienced = 1) and the second
column shows the experimental treatment (Cooperative or Non-cooperative). The
individual subject payoff amounts are, by definition, equal to one-third of the group
amounts except for the low payoff and high payoff amounts for the non-cooperative
treatment. There were large differences between the lowest and highest payoffs in all
treatments. The average payoff in non-cooperative sessions was about twice what it
was in cooperative sessions for both inexperienced and once-experienced subjects.
This reflects the much higher incidence of the winner’s curse, resulting in many
more bankruptcies in the cooperative treatment than in the non-cooperative treat-
ment. More than half of the inexperienced groups in the cooperative treatment went
bankrupt while only two inexperienced groups went bankrupt in the non-cooperative
treatment. The rate of bankruptcy decreases with subjects’ experience in both treat-
ments but remains very different. Nine out of 36 once-experienced groups became
bankrupt in the cooperative treatment while none did so in the non-cooperative
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treatment. Thus the incentive to free ride, by submitting low bids, in the non-
cooperative treatment increases average profits from bidding and decreases bank-
ruptcies resulting from the winner’s curse. However, it is interesting to note that the
incidence of zero bids is not higher in the non-cooperative treatment than in thet
cooperative treatment.3

Further insight into bidding behavior in the cooperative and non-cooperative
treatments is provided by analysis of data from periods in which no groups
were bankrupt and hence, as explained in section 3, there is not a concern that the
experimenters may have lost control of some subjects’ incentives. Data analysis
reported in Tables 2 and 3 excludes data from all market periods after any bidding
group attained a negative cumulative balance. This has a large effect on data used
for inexperienced subjects, especially for the cooperative treatment. In the 12 co-
operative group sessions with inexperienced subjects there were 83 bidding periods
in which all groups’ cumulative balances were positive and 277 periods in which at
least one group’s balance was negative. In contrast, in the eight non-cooperative
group sessions with inexperienced subjects there were 216 bidding periods in which
all groups’ cumulative balances were positive and 24 periods in which at least one
group’s balance was negative. In the 12 cooperative group sessions with once-
experienced subjects there were 156 bidding periods in which all groups’ cumulative
balances were positive and 204 periods in which at least one group’s balance
was negative. In contrast, in the eight non-cooperative group sessions with once-
experienced subjects there were 240 bidding periods in which all groups’ cumulative
balances were positive and no period in which any group’s balance was negative.

4.2. Bidding Behavior by Nominal Groups

Table 2 reports summary comparisons of bidding behavior in all periods in which no
bidding groups were bankrupt. The first column of Table 2 reports the experience
of the groups (inexperienced = 0, once-experienced = 1). The second column shows
the experimental treatment: cooperative or non-cooperative nominal bidding groups.
The third column reports the average difference between individual subjects’ signals
and their bids. This is a measure of the extent to which individual subjects avoid the
winner’s curse by discounting their signals. The fourth column reports the standard
deviation of the difference between individual subjects’ signals and their bids. This
is a measure of heterogeneity of individual subjects’ discounting behavior. First
consider the results for inexperienced subjects. The mean is higher and the stand-
ard deviation is lower in the non-cooperative treatment than in the cooperative
treatment. Thus inexperienced subjects in the non-cooperative treatment are more
effective in avoiding the winner’s curse, and they are less heterogeneous in their
discounting behavior than subjects in the cooperative treatment. Now compare the
top two rows on Table 2 with the bottom two rows. Note that more experience leads
bidders in both treatments to discount their signals by larger amounts. Finally, com-
pare the bottom row of Table 2 with all other rows. Note that once-experienced
subjects in the non-cooperative treatment discount their signals by the largest amount
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Table 3. Random Effects Regressions with Data for Nominal Groups

(standard errors)

Experience Group Min. Rnl. A B C R2 Nobs.b

Type Disc.a

0 Coop. −900 156.48* 0.9704# 0.1502 0.92 264
(320.64) (0.014) (0.102)

0 Non-Coop. −900 −265.17* 0.9628# 0.1416 0.94 630
(206.53) (0.009) (0.071)

1 Coop. −900 −623.31* 0.9901 0.171 0.99 585
(78.0) (0.004) (0.031)

1 Non-Coop. −900 −949.31 0.9864 0.046 0.95 720
(150.23) (0.007) (0.048)

a. Min. Rnl. Disc. = minimum rational discount.
b. Nobs. = number of observations.
* Significantly greater than the minimum rational discount by a one-tailed 5% t-test.
# Significantly different than the theoretical value by a two-tailed 5% t-test.

Table 2. Bidders’ Signal Discounts

Experience Group Type Average Discount Std. Dev. Discount

0 Coop. 658 2240

0 Non-coop. 999 1890

1 Coop. 877 2544

1 Non-coop. 1270 1317

and they are the least heterogeneous in this discounting behavior. Thus the “ration-
alizing” effect on bidding behavior of the free-riding incentive has a homogenizing
effect on individual subjects’ bidding behavior.

Table 2 includes all bids made by subjects in market periods with no bankrupt
groups. We now turn our attention to analysis of market prices (winning bids).
Table 3 reports results from random effects regressions with estimating equations
of the form,

bjtb = α + βmjtm + γ rjtrr + µ jµ + εjtε , (6)
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where bjtb is the bid by group t j in period t, mjtm is groupt j’s signal sample midrange in
period t, and rjtr is group t j’s signal sample range in period t. The estimated coeffi-
cients are compared to the coefficients in the zero-expected-profit equation (5) to test
for deviations from economic rationality. The estimation uses winning bids (market
prices) and the associated right-hand variables.

The first and second columns of Table 3 report the experience level of the groups
and the experimental treatment. The third column reports the “minimum rational
discount,” which is the intercept in the zero-expected-profit bid equation. The fourth,
fifth and sixth columns report the estimated parameters and their standard errors (in
parentheses). The seventh column reports the R2’s.

The last two rows in Table 3 report the random effects regression results for
once-experienced subjects. Comparison of the estimated intercepts with the min-
imum rational discount and the estimated coefficients on slopes with a slope of 1
provides a measure of the departure from rational bidding by the high bidders in an
experiment. The intercept for the cooperative-group treatment is −623, which is
significantly greater than the minimum rational discount of −900 by a one-tailed
t-test at the 5% confidence level, and the slope is 0.990, which is not significantly
different from 1.000 by a two-tailed t-test at the 5% confidence level. Therefore,
the winning bidders in the cooperative group treatment deviated significantly from
minimally-rational bidding, in the direction of bidding to high; that is, cooperative
bidding groups fell prey to the winner’s curse. In contrast, the intercept for the
non-cooperative group treatment is −949, which is obviously not greater than the
minimum rational discount of −900, and the slope is 0.986, which is not signific-
antly different from 1.000. Therefore, the winning bidders in the non-cooperative
group treatment did not differ significantly from minimally-rational bidding; rather
than falling prey to the winner’s curse, the non-cooperative group bidders had posi-
tive expected profits. The incentive to free ride within non-cooperative groups tends
to offset the winner’s curse and promote rational bidding.

4.3. Comparison of Nominal and Natural Groups’ Bidding Behavior

Table 4 reproduces data from two of the natural group treatments reported in Cox
and Hayne (2002). Like the cooperative nominal group, the natural group treatment
uses an equal profit-sharing rule. Unlike both cooperative and non-cooperative nominal
groups, the natural group treatment involves face-to-face, within-group discussion
and endogenously-determined rather than imposed decision rules.

Comparison of data from the two experiments can only be suggestive because the
natural group experiments used five-member groups and the nominal group experi-
ments used three-member groups. The first column of Table 4 reports the treatment
parameters, Group size (5), Signal sample size (1 or 5) and Market size (3). Com-
parison of the intercept estimates in the two rows shows part of the support for the
conclusion that more information (3 signals or common value estimates rather than
1) leads to less rational bidding by natural groups because the intercept estimate for
the treatment with 5 signals (5, 5, 3) is significantly larger than the zero-profit
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Table 4. Random Effects Regressions with Data for Natural Groups

(standard errors)

G, S, Na Min. Rnl. A B C R 2

Disc.b

5, 5, 3 −900 −527* 0.994 0.154 0.998
(145) (0.006) (0.051)

5, 1, 3 −900 −708 0.984 –c 0.988
(228) (0.013)

a. G, S, N = Group size, Signal sample size, Number of bidders.
b. Min. Rnl. Disc. = minimum rational discount
c. There is no estimated parameter for signal sample range here because the range is always
zero by design in this treatment.
* Significantly greater than the minimum rational discount by a one-tailed 5% t-test.

intercept of −900 and the intercept estimate for the treatment with 1 signal (5, 1, 3)
is not. Comparison of intercept estimates for natural (Table 4) and nominal (Table 3)
groups leads to the following conclusions. Non-cooperative nominal group bidders are
the only type that escapes the winner’s curse and has bidding behavior with positive
expected profits: −949 < −900. Cooperative nominal groups with 3 signals are less
subject to the winner’s curse than natural groups with 5 signals (−623 < −527) but
more subject to the curse than natural groups with a single signal (−623 > −708).

5. CONCLUDING REMARKS

Data from our research on group bidding behavior supports some striking con-
clusions. The experiment reported in Cox and Hayne (2002) comparing bidding
behavior of natural, face-to-face groups with bidding behavior by individuals reveals
a “curse of information” that compounds the winner’s curse. The bidding beha-
vior of both individuals and natural groups deteriorates when they are given more
information (a larger signal sample size) but bidding by groups deteriorates much
more dramatically. Most strikingly, natural group bidders with more information
(5 signals) are significantly less rational bidders than individuals with less informa-
tion (1 signal).

Data from the nominal-group experiment reveal a rare instance in which an
incentive to free ride leads to more, rather than less rational economic outcomes.
The non-cooperative nominal group treatment, with the unequal profit-sharing rule
providing a free-riding incentive, produced bidding behavior that was more rational
than that observed with the cooperative nominal group treatment with no incentive
to free riding.
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NOTES
1 A deviation from this profit-sharing rule was required to handle some losses. If an individual member

of a non-cooperative group attained a negative cumulative balance then other members of the group had
to cover the loss. This was necessary to preclude a money pump that could result from limited liability
of an individual subject. This cumulative loss-sharing rule was explained in the subject instructions.

2 The experimental/U.S. dollar exchange rate was held constant across treatments.
3 As shown by the subject instructions in the appendix, individual subjects were permitted to abstain

rather than enter a bid. A few abstentions did occur, most by a single individual in a bankrupt group in
the cooperative treatment.
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APPENDIX. SUBJECT INSTRUCTIONS

A.1. Instructions for the Cooperative Nominal Group Treatment

Internet Auctions

INSTRUCTIONS

If you follow these instructions carefully, and make good decisions, you may earn a
CONSIDERABLE AMOUNT OF MONEY. The amount of money you earn will be
PAID TO YOU IN CASH at the end of the second day’s experiment.

1. In this experiment we will create an auction market in which you will act as a
member of a group bidding for a fictitious item in a sequence of many bidding
periods. There will be several groups bidding on the item. A single unit of the
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item will be auctioned off in each trading period. There will be several practice
periods without money payoff followed by many “real” periods t with money payoff.

2. Your task is to work with the other members of your groups and submit a group
bid for the item. This will place your group in competition with other bidding
groups. The precise value of the item at the time your group makes its bid will be
unknown to you. Instead, each of you will receive a “signal” that provides an
unbiased estimate of the item’s value.

Each individual in your group can submit a number that they think the group
should bid bid (or an individual can abstain from bidding). The auction server
computer will then average the numbers submitted by you and the other mem-
bers of your group and submit that average as your group’s bid in the auction.
Abstentions are not included in this average.

3. When you bid in the auction, you will bid using experimental dollars. Thesel
experimental dollars can be redeemed at the end of the second day’s experiment
at the exchange rate shown on the computer. For example, if your group earned
4008 experimental dollars and the exchange rate was 80 experimental dollars per
1 U.S. dollar, then your group would earn $50.10 in real U.S. dollars.

4. The group with the highest bid in an auction period will be paid the value of the
auctioned item and have to pay the amount of its bid. Thus, the group with the
highest bid will receive a profit or loss equal to the difference between the value
of the item and the amount that they bid:

GROUP PROFIT OR LOSS = VALUE OF ITEM − HIGHEST BID

If your group does not make the high bid on the item, your group will earn zero
profit. In this case you neither gain nor lose from bidding on the item.

The group profit or loss is different from your individual profit or loss. Your
individual profit or loss will be calculated by dividing the group profit or loss by the
number of group members.

INDIVIDUAL PROFIT = GROUP PROFIT/GROUP SIZE

For example, if your group bid 12,885 experimental dollars (remember, this is the
average of all the individual bids) for the object, it was higher than the other groups’
bids and the value of the object was revealed to be 13,425 experimental dollars, your
group profit would be 540 experimental dollars. If your group size was 3, then your
individual profit would be 180 experimental dollars. You can see that if you work
well in your group, you may earn a significant amount of money.

5. You will be given a starting capital credit balance of 1000 experimental dollars.
Any profit you earn will be added to this amount and any losses will be sub-
tracted from this amount. The net balance of these transactions will be calculated
and paid to you in CASH at the end of the second day’s experiment. The starting
capital credit balance, and whatever subsequent profits you earn, permit you to
suffer losses in one auction that could be recouped in part or total in later auctions.
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Your group is permitted to bid in excess of your own capital credit balance in any
given period.

6. During each trading period, your group will be bidding in a market with several
other groups and after all the bids have been submitted, the winning bid will be
announced.

7. The value of the item will be chosen randomly each auction period and will
always lie between 2,500 and 22,500 experimental dollars, inclusively. For each
auction, any value within this interval has an equally likely chance of being
drawn. The value of the item can never be less than 2,500 or more than 22,500
experimental dollars. The values are determined randomly and are independent
from auction to auction. As such, a high value in one auction tells you nothing
about the likely value in the next auction, i.e. whether it will be high or low.

8. Private Information Signals: Although you do not know the precise value of the
item in any particular auction, you will receive information which will narrow
down the range of possible values. This will consist of a private information
signal which is selected randomly from an interval whose lower bound is the item
value less a constant amount, and whose upper bound is the item value plus the
same constant. Any value within this interval has an equally likely chance of
being drawn and being assigned to you as your private information signal. The
value of this constant will be announced prior to the experiment.

For example, suppose that the value of the auctioned item is 12,677 experimental
dollars and that the constant is 1,800 experimental dollars. Each of you will receive
a private information signal which will consist of a randomly drawn number that
will be between 10,877 (12,677 − 1,800) and 14,477 (12,677 + 1,800) experimental
dollars. Any number in this range has an equally likely chance of being drawn.

The data below shows an entire set of signals the computer might generate for a
group of ten people. (Note these have been ordered from highest to lowest).

The item value is 12,677 and the constant is 1,800 experimental dollars, and the
signals are:

14314
13730
13709
13331
12917
12435
12344
11971
11785
11385

You can see that some signal values were above the value of the auctioned item,
and some were below the value of the item. Over a sufficiently long series of



148 Experimental Business Research Vol. II

auctions, the differences between your private signals and the item values will aver-
age out to zero (or very close to it). But for any single auction your private informa-
tion signal can be above or below the value of the item. That’s the nature of
the random drawing process that is generating the signals. You will also note that the
upper bound must always be greater than or equal to your signal value. Further, the
lower bound must always be less than or equal to your signal value.

Finally, you may receive a signal value below 2,500 (or above 22,500). There is
nothing strange about this, it merely indicates that the item value is close to 2,500
(or 22,500) and this closeness depends on the size of the constant.

9. Your signals are strictly private information.
10. Bids are rounded to the nearest experimental dollar and must be greater than 0.

In case of ties for the high bid, a coin toss will determine the winner.
11. You are not to communicate with anyone while the experiment is in progress.

SUMMARY OF MAIN POINTS

1. A group’s bid is the average of the bids submitted by individual members of the
group. The group with the highest bid wins the auction and receives a profit or
loss.

2. Your individual profit or loss will equal your group’s profit or loss divided by
group size.

3. Your cumulative profit will be paid to you, in CASH, at the end of the second
day’s experiment.

4. Your private information signal is drawn from the interval (item value – 1,800,
item value + 1,800). The value of the item can be as much as 1,800 below your
signal or 1,800 above your signal.

5. The value of the item will always be between 2,500 and 22,500.

ARE THERE ANY QUESTIONS?

Part 2. Instructions for the Non-cooperative Nominal Group Treatment

The instructions for the non-cooperative treatment were the same as for the cooper-
ative treatment, except as explained here. Paragraph 4 in the INSTRUCTIONS (first
part) of section A.1 was replaced by the following paragraphs 4 and 5. (Paragraphs
6–12 in section A.2 are the same as paragraphs 5–11 in section A.1.) The SUM-
MARY OF MAIN POINTS in section A.1 was replaced by the one below.

4. If your group does not make the highest bid on the item, each member of your
group will receive zero profit or loss. The group with the highest bid in an auction
period will be paid the value of the auctioned item and have to pay the amount of
its bid.
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The individual members of the group with the highest bid do not usually share the
profit or loss equally. If your group has the highest bid, your individual profit or loss
will be calculated by subtracting your bid from the value of the item and dividing
that profit or loss by three, the number of people in your group:

INDIVIDUAL PROFIT OR LOSS =
ITEM VALUE  YOUR BID

3

For example, suppose that your group has the highest bid and the value of the object
turns out to be 13,425 experimental dollars. If your individual bid was 10,560 then
your individual profit would be 955 experimental dollars ((13425–10560)/3). How-
ever, if your individual bid was 15,220 then your individual profit would be –598; a
loss of your experimental dollars ((13425–15220)/3). There is an exception to the
above way of calculating individual profits that occurs if any member of your group
becomes bankrupt, that is if someone attains negative total payoff.

5. If you abstain from bidding in any period, and your group has the highest bid,
then your profit or loss will equal one third of the difference between the item
value and the average of the bids submitted by other members of your group.

SUMMARY OF MAIN POINTS

1. A group’s bid is the average of the bids submitted by individual members of the
group. The group with the highest bid wins the auction and receives a profit or
loss.

2. If your group has the highest bid, your individual profit or loss will be equal to
1/3 of the difference between the item value and your bid, so long as no one in
your group is bankrupt.

3. If the total payoff of someone in your group becomes negative then the other
members of the group must cover that person’s losses until such time as he/she
attains positive total payoff.

4. Your total payoff will be paid to you, in CASH, at the end of the second day’s
experiment.

5. Your private information signal is drawn from the interval (item value – 1,800,
item value + 1,800). The value of the item can be as much as 1,800 below your
signal or 1,800 above your signal.

6. The value of the item will always be between 2,500 and 22,500.

ARE THERE ANY QUESTIONS?
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Chapter 8

BONUS VERSUS PENALTY: DOES CONTRACT
FRAME AFFECT EMPLOYEE EFFORT?
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Donald V. Moser
University of Pittsburgh

Abstract

We conducted an experiment in which participants acted as employees under either
a bonus contract or an economically equivalent penalty contract. We measured
participants’ contract preference, their degree of expected disappointment about
having to pay the penalty or not receiving the bonus, their perceived fairness of their
contract, and their effort level. Consistent with Luft (1994), we find that employees
generally preferred the bonus contract to the penalty contract. We extend Luft’s
work by demonstrating that loss aversion caused employees to expend more effort
under the penalty contract than under the economically equivalent bonus contract.
That is, employees were more averse to having to pay the penalty than they were to
not receiving the bonus, and consequently they chose a higher level of effort under
the penalty contract to avoid paying the penalty. However, we also find evidence
of reciprocity in that employees who considered their contract to be fairer chose
a higher level of effort. Because our participants generally considered the bonus
contract fairer than the penalty contract, reciprocity predicts higher effort under the
bonus contract, a result opposite to our finding. Our overall result that employee
effort was greater under the penalty contract is explained by the fact that, while
higher perceived fairness did increase effort, this effect was dominated by the more
powerful opposing effect of loss aversion. We discuss the implications of these
results for explaining why in practice most actual contracts are bonus contracts
rather than penalty contracts.

© 2005 Springer. Printed in the Netherlands. 
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1. INTRODUCTION

Conventional economic analysis of incentive contracts in managerial accounting
settings (e.g., Demski and Feltham 1978; Holmstrom 1979, 1982; Holmstrom and
Milgrom 1991; Feltham and Xie 1994) assumes that utility increases in wealth and
decreases in effort. Moreover, cognitive factors such as framing and loss aversion
and social norms such as fairness and reciprocity are assumed to be relatively unim-
portant, and as such, are ignored in the analysis. Given that conventional economic
analysis predicts that the way economically equivalent contracts are framed should
not matter, an unsolved puzzle is why in practice most incentive contracts are
framed as bonus contracts rather than penalty contracts (Baker, Jensen & Murphy
1988; Milgrom & Roberts 1992; Young & Lewis 1995). By “economically equiv-
alent” we mean that the monetary incentives are identical under both the bonus and
penalty versions of a contract. For example, a bonus contract that pays a salary of
$20 and a bonus of $10 if a target outcome is achieved is equivalent to a penalty
contract that pays a salary of $30 and a penalty of $10 if the target outcome is
not achieved. These two contracts are economically equivalent because under both
contracts the employee receives $30 if the target outcome is achieved and $20 if
the target outcome is not achieved.

Luft (1994) offered a potential explanation for why in practice most contracts are
framed in bonus terms by demonstrating that employees are more likely to choose
economically equivalent contracts that are framed as bonus contracts rather than
penalty contracts. She attributed employees’ preferences for bonus contracts to loss
aversion (Kahneman & Tversky 1979), arguing that employees experience greater
disutility from the perceived loss associated with paying a penalty than from the
perceived forgone gain associated with not receiving an equivalent bonus. If loss
aversion causes employees to demand higher payments from firms to accept penalty
contracts, then firms maximize profits by offering bonus contracts.1 However, this
explanation for why most actual incentive contracts are framed as bonus contracts
assumes that firms can offer bonus contracts at no greater cost than economically
equivalent penalty contracts. A possible cost of offering bonus contracts that is not
reflected in either the standard economic analysis or in Luft’s explanation is lower
employee effort. Bonus contracts could yield lower effort than economically equival-
ent penalty contracts if employees facing penalty contracts expend greater effort
to avoid the perceived loss associated with the potential penalty. That is, the same
theoretical construct of loss aversion that predicts employees will choose bonus con-
tracts over economically equivalent penalty contracts, also predicts that employees
will expend more effort under penalty contracts. Moreover, the desire to avoid
the pressure to expend more effort under penalty contracts may help explain why
employees prefer bonus contracts to economically equivalent penalty contracts.

If employees generally expend more effort under penalty contracts than under
economically equivalent bonus contracts, an important implication is that the pre-
ference for bonus contracts documented by Luft no longer necessarily provides an
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explanation for why most actual contracts are framed in bonus terms. That is, if
employees expend more effort under penalty contracts, employers would then need
to trade off the higher level of employee effort associated with penalty contracts (a
benefit) against the higher payments required to induce employees to accept penalty
contracts (a cost) in order to determine whether a bonus contract or a penalty con-
tract will maximize firm profit. Luft’s study could not address this issue directly
because it was not designed to examine whether framing an incentive contract as
a bonus contract versus as a penalty contract differentially motivated employee
effort. Specifically, Luft’s incentive contract was designed to improve outcomes by
separating agent types rather than by motivating effort. Her participants performed a
recognition memory task that was relatively insensitive to effort (i.e., performance
depended mostly on prior knowledge rather than effort). Consequently, performance
did not differ across her bonus and penalty conditions.

Interestingly, responses to Luft’s post-experimental questionnaire suggest another
reason in addition to loss aversion for why employees prefer bonus contracts to
penalty contracts. That is, virtually all participants indicated that they thought that
“most employees” would feel that a bonus scheme was fairer than an economically
equivalent penalty scheme. Thus, employees’ preferences for bonus contracts could
be due, in part, to their preference for working under a fairer contract. However,
in contrast to loss aversion, the theory of reciprocity (Rabin 1993) predicts that
employee effort will be higher under bonus contracts. That is, this alternative theory
predicts that if employees view bonus contacts as fairer, they will reciprocate by
expending more effort under bonus contracts than under penalty contracts. Of course,
this prediction is opposite to the prediction that employees will expend more effort
under penalty contracts because of loss aversion

To recap, both loss aversion and perceived fairness predict that employees will
prefer bonus contracts to economically equivalent penalty contracts. However, loss
aversion and reciprocity make opposite predictions regarding employee effort. With
two forces pushing effort in opposite directions, it is not clear whether employee
effort will be higher, lower, or about the same under bonus versus economically
equivalent penalty contracts. Therefore, before we can explain why most actual
incentive contracts are framed as bonus contracts rather than penalty contracts, we
need a better understanding of the factors underlying employees’ preferences for
bonus contracts and whether and how these factors affect employees’ effort. The
purpose of this study is to help provide such an understanding.

2. HYPOTHESES AND RESEARCH QUESTIONS

Our first hypothesis deals with employees’ preferences. As discussed above, Luft
(1994) found that employees prefer bonus contracts to penalty contracts. Given
Luft’s compelling theoretical arguments and her strong experimental results, we
expect to replicate her finding. Thus, like Luft, we predict that employees will prefer
bonus contracts.
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H1: Employees prefer bonus contracts to economically equivalent penalty
contracts.

Before we address expected differences in effort between bonus and penalty
contracts, we first hypothesize general effects in our second and third hypotheses
that we expect to hold for both bonus and penalty contracts. Our second hypothesis
addresses the effect on effort of employees’ expected disappointment about having
to pay a penalty or not receiving a bonus. We do not distinguish between bonus
contracts and penalty contracts because disappointment is expected to affect effort
regardless of whether the contract is framed as a bonus or as a penalty. Specifically,
we predict that employees who expect to feel more disappointed about the pro-
spect of receiving lower compensation (either by having to pay a penalty or by not
receiving a bonus) will expend more effort to avoid that outcome than employees
who expect to feel less disappointed about receiving the lower final payment. This
prediction is consistent with conventional economic theory, which assumes that
employees with greater incremental utilities for a higher monetary outcome (i.e.,
receiving the higher final payment without having to pay a penalty or forgo a bonus)
will expend more effort to ensure that they receive that outcome. Thus, it follows
that employees with a greater incremental utility for receiving a higher monetary
outcome will experience a greater reduction in utility from not receiving that out-
come. In our study, “expected disappointment” about not receiving the bonus or
having to pay the penalty corresponds to this reduction in utility from not receiving
the higher final payment.

H2: Greater expected disappointment will result in higher employee effort.

Our third hypothesis relates to the effect of perceived fairness on effort. Many
studies in psychology (e.g., Goranson and Berkowitz 1966; Greenberg and Frisch
1972; Greenberg 1978) and experimental economics (e.g., Kahneman, Knetsch and
Thaler 1986; Fehr, Kirchsteiger and Riedl 1993; Fehr, Gächter and Kirchsteiger
1997; Fehr, Kirchler, Weichbold and Gächter 1998; Charness and Rabin 2002;
Hannan, Kagel and Moser 2002) have shown that individuals who feel they are
treated fairly by another party will reciprocate by treating that party kindly in return.
This theory of “reciprocity” underlies our third hypothesis, which predicts that
employees who perceive their contract to be fairer will choose a higher level of
effort than those who perceive their contract to be less fair. As was the case for H2,
this is a general hypothesis that does not distinguish between bonus contracts and
penalty contracts. That is, higher perceived fairness is predicted to yield higher
employee effort in both bonus contracts and penalty contracts.

H3: Employees who perceive their contracts to be fairer will expend higher
effort.
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As explained above, the general effects of expected disappointment (H2) and
perceived fairness (H3) on effort are predicted to operate in the same manner within
both bonus contracts and penalty contracts. However, as discussed below, the levels
of both expected disappointment and perceived fairness are likely to differ across
bonus and penalty contracts.

With respect to disappointment, the theoretical construct of loss aversion pre-
dicts that expected disappointment would be greater under penalty contracts than
under economically equivalent bonus contracts. Loss aversion describes the well-
documented finding that individuals are more averse to suffering a loss than they are
to forgoing the same amount of gain (Kahneman and Tversky 1979). If employees
facing penalty contracts frame the prospect of having to pay the penalty as a loss,
they will expect to be very disappointed about having to pay the penalty. In contrast,
if employees facing bonus contracts frame the prospect of not receiving an econom-
ically equivalent bonus as a forgone gain, they will expect to be less disappointed
about not receiving the bonus. These asymmetric framing effects across contract
type lead to our fourth hypothesis.

H4: Employees facing a penalty contract will expect to be more disappointed
about having to pay a penalty than employees facing a bonus contract will
expect to be about not receiving an economically equivalent bonus.

If greater disappointment results in more effort (H2), and disappointment is
greater under penalty contracts than under bonus contracts (H4), then it follows that
employee effort should be greater under penalty contracts than under bonus con-
tracts. However, as explained below, the fact that reciprocity predicts an opposing
effect on effort prevents us from making such a simple directional prediction regard-
ing the effect of contract frame (bonus or penalty) on employee effort.

With respect to perceived fairness, virtually all of Luft’s (1994) participants
indicated in her post-experimental questionnaire that they thought that “most
employees” would perceive a bonus contract to be fairer than an economically
equivalent penalty contract. Such perceptions could be due to a construct that Luft
refers to as “penalty aversion.” If employees are averse to penalty contracts because
they view penalty contracts as punitive or negative, they are likely to perceive
penalty contracts as unfair. In contrast, if bonus contracts are viewed more positively
because employees frame them as offering a potential reward, they are likely to be
perceived as fairer than economically equivalent penalty contracts. These expected
differences across contract types lead to our fifth hypothesis.

H5: Employees perceive bonus contracts as fairer than economically equivalent
penalty contracts.

Hypotheses H2-H5 are depicted in Figure 1, where it can be seen that if employees
consider bonus contracts to be fairer than penalty contracts (H5) and also engage in
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Figure 1.

reciprocity (H3), then it follows that employee effort should be higher under bonus
contracts than under economically equivalent penalty contracts (bottom path in
Figure 1). Of course, this prediction regarding employee effort is opposite to the
prediction described earlier that effort will be higher under penalty contracts (top
path in Figure 1) as a result of the combined effect of loss aversion (H4) and expected
disappointment (H2). Because these potential effects work in opposite directions, we
are unable to predict the net effect on effort of framing contracts in bonus versus
penalty terms. Therefore, we do not make a directional hypothesis regarding the
effect of contract frame on effort, but rather address this issue as our first research
question (RQ1 in Figure 1).

RQ1: Does employee effort differ under economically equivalent contracts
framed in bonus versus penalty terms, and if so, which type of contract
results in higher effort?

We expand upon RQ1, by investigating a second research question, RQ2 (not
directly identified in Figure 1), which involves isolating and measuring the poten-
tially offsetting effects of loss aversion and perceived fairness on effort. Specific-
ally, RQ2 addresses whether expected disappointment, perceived fairness, or both
expected disappointment and perceived fairness mediate the effect of contract frame
(bonus versus penalty) on employee effort. As explained earlier, if H4 and H2 (top
path in Figure 1) are supported, then contract frame is likely to affect effort by way
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of expected disappointment. However, if H5 and H3 (bottom path in Figure 1) are
also supported, then it is likely that contract frame also affects effort by way of
perceived fairness. Because we cannot predict in advance whether expected dis-
appointment, perceived fairness, or both will mediate the effect of contract frame
on effort, we address these issues in our second research question.

RQ2: Does expected disappointment or perceived fairness mediate any effect
of contract frame on employee effort (examined in RQ1)?

3. EXPERIMENT

3.1. Overview

We conducted an experiment designed to address the hypotheses and research ques-
tions described above. Participants were assigned to either a bonus contract or an
economically equivalent penalty contract (described later). Their task was to choose
their effort level. In addition, they responded to questions designed to measure their
degree of expected disappointment about not receiving the bonus or having to pay
the penalty and their perceived fairness of the contract they faced when making their
effort choices. After making their effort choices and responding to the expected
disappointment and fairness questions, participants were shown the contract that
participants in the other experimental condition faced (i.e., bonus contract particip-
ants were shown the penalty contract, and vice versa) and asked to indicate which
contract they preferred.

3.2. Participants

Sixty-eight M.B.A. students participated in the experiment. Sixty-two percent of
the participants had at least five years of professional business experience, with the
remainder having between zero and five years of experience. Forty-seven percent
of participants had worked under a bonus incentive contract. No participants had
worked under a penalty incentive contract. Both professional business experience
and incentive contract experience were distributed approximately equally across the
experimental (bonus and penalty) conditions.

3.3. Design

Our experimental design included a manipulated between-subjects independent vari-
able, Contract Frame, with two levels (Bonus and Penalty). The design also included
two measured variables (Expected Disappointment and Perceived Fairness) that were
obtained from participants’ responses to questions in the experimental instrument.
Finally, our design included two dependent variables: participants’ effort level choices
and their expressed contract preference. As explained in the results section of the
paper, the specific combination of independent and dependent variables used for any
particular analysis depended on the hypothesis or research question being addressed.
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3.4. Procedures

The experiment was conducted in two back-to-back administrations, one for each
experimental condition. Each administration took approximately 30 minutes. Parti-
cipants were randomly assigned to either the Bonus or economically equivalent
Penalty condition. The bonus contract paid a salary of $20 plus a bonus of $10 if
the target (high) outcome was achieved. The economically equivalent penalty con-
tract paid a salary of $30 with a $10 penalty if the target (high) outcome was not
achieved. These contracts are economically equivalent because under both contracts
the employees will receive $30 if the outcome is high and $20 if the outcome is low.
Participants assigned to either condition were unaware that the alternative condition
existed until after they made their effort choices and responded to the expected
disappointment and perceived fairness questions.

Participants in both conditions assumed the role of an employee of Buckley
Company. They received their base pay in cash ($20 in the bonus condition, $30 in
the penalty condition) at the start of the experiment, and were told that their final
payment at the end of the experiment (i.e., the cash they retained or the additional
cash they received) would depend on the terms of their contract and the effort level
they chose.2 The description of Buckley Company indicated that the company’s goal
was to maximize shareholder value. Company management had instituted a new
compensation system designed to provide an incentive for employees to work hard
to achieve a high outcome so that the company could meet its aggressive perform-
ance goals. The more effort an employee expended, the more likely it was that s/he
would achieve a high outcome.

Consistent with previous studies (e.g., Frederickson 1992; Fehr, Kirchsteiger and
Riedl 1993; Fehr, Gächter and Kirchsteiger 1997; Hannan, Kagel and Moser 2002)
disutility for effort was operationalized as a monetary cost to participants that
increased with the level of effort chosen.3 Specifically, participants chose an effort
level from 1 to 13, with the cost of effort increasing correspondingly in $.50 incre-
ments from $.50 (1) to $6.50 (13). The probability of achieving a high outcome also
increased with the level of effort, rising in 5% increments from 30% (1) to 90% (13).
The cost of effort and probabilities of achieving a high outcome were set such that
the participants’ expected net payoff was identical ($22.50) across all 13 possible
effort level choices.4

Participants were provided a table that showed the cost of effort and the prob-
ability of achieving (and not achieving) the high outcome for each of the 13 possible
effort level choices (see Table 1). After reading a description of their employment
contract and reviewing this table, each participant chose his or her effort level.
Immediately after making their effort level choices, participants responded to the
fairness and expected disappointment questions. Participants rated the fairness of the
employment contract they faced in the experiment on a 13-point scale with endpoints
labeled “not fair at all” (1), and “extremely fair” (13), and the midpoint labeled
“moderately fair” (7). Participants rated how disappointed they would be if the out-
come were low and therefore they did not receive the bonus (had to pay the penalty)
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Table 1. Cost of Effort Tables for Penalty and Bonus Contract Frames

Penalty Contract Frame

Your Cost Probability of Achieving a Probability of Cost Probability of Achieving a not Achieving a
effort of Effort High Outcome and High Outcome and Payingof Effort High Outcome and
level Avoiding the $10 Penalty the $10 PenaltyAvoiding the $10 Penalty

1 $.50 30% 70%$.50 30%

2 $1.00 35% 65%$1.00 35%

3 $1.50 40% 60%$1.50 40%

4 $2.00 45% 55%$2.00 45%

5 $2.50 50% 50%$2.50 50%

6 $3.00 55% 45%$3.00 55%

7 $3.50 60% 40%$3.50 60%

8 $4.00 65% 35%$4.00 65%

9 $4.50 70% 30%$4.50 70%

10 $5.00 75% 25%$5.00 75%

11 $5.50 80% 20%$5.50 80%

12 $6.00 85% 15%$6.00 85%

13 $6.50 90% 10%$6.50 90%

on a 13-point scale with endpoints labeled “not at all disappointed” (1), and “extremely
disappointed” (13), and the midpoint labeled “moderately disappointed”(7).

After responding to the fairness and expected disappointment questions, particip-
ants were provided with a description of the employment contract used in the other
condition (i.e., the bonus condition participants now saw the penalty contract, and
vice versa) and the related effort-choice table. After considering this information,
participants indicated whether they preferred the original contract they faced in the
experiment, the alternative contract they were considering now, or had no preference
between the two. Responses to this question were used to test whether most of our
participants preferred the bonus contract to the economically equivalent penalty
contract, irrespective of whether they were assigned to the bonus or penalty condi-
tion. The experimental instrument concluded with several demographic questions
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regarding participants’ professional work experience and their experience with incent-
ive contracts.

After all participants had submitted their experimental materials, the actual out-
come (high or low) was determined for each effort level (1 through 13) as follows:
A participant volunteer drew one chip from each of 13 bags (one for each effort
level). Each bag contained red and blue chips in proportion to the outcome probabil-
ity distribution corresponding to that effort level. For example, because effort level 1
had a 30% probability of a high outcome and 70% probability of a low outcome, the
bag for effort level 1 contained 3 red chips (high outcome) and 7 blue chips (low
outcome).5 After outcomes had been determined for each effort level, participants’
final payments were calculated and they were paid in cash privately. Bonus condi-
tion participants who did not receive a bonus (outcome was low) were required to

Table 1. (cont’d)

Bonus Contract Frame

Your Cost Probability of Achieving a Probability of Cost Probability of Achieving a not Achieving a
effort of Effort High Outcome and High Outcome and Notof Effort High Outcome and
level Receiving the $10 Bonus Receiving the $10 BonusReceiving the $10 Bonus

1 $ .50 30% 70%$ .50 30%

2 $1.00 35% 65%$1.00 35%

3 $1.50 40% 60%$1.50 40%

4 $2.00 45% 55%$2.00 45%

5 $2.50 50% 50%$2.50 50%

6 $3.00 55% 45%$3.00 55%

7 $3.50 60% 40%$3.50 60%

8 $4.00 65% 35%$4.00 65%

9 $4.50 70% 30%$4.50 70%

10 $5.00 75% 25%$5.00 75%

11 $5.50 80% 20%$5.50 80%

12 $6.00 85% 15%$6.00 85%

13 $6.50 90% 10%$6.50 90%
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return a portion of their $20 base pay equal to the cost of their chosen effort level.
Bonus condition participants who received a bonus (outcome was high) were paid an
additional sum equal to the $10 bonus minus the cost of their chosen effort level.
Penalty condition participants who had to pay the penalty (outcome was low) were
required to return a portion of their $30 base pay equal to the cost of their effort plus
the $10 penalty. Penalty condition participants who did not have to pay the penalty
(outcome was high) were required to return a portion of their $30 base pay equal to
the cost of their chosen effort level.

4. RESULTS

4.1. Tests of Hypotheses 1–5

H1 predicts that employees prefer bonus contracts to economically equivalent
penalty contracts. To test this hypothesis we examined participants’ preference res-
ponses after they considered both the original contract they faced in the experiment
and the contract used in the other experimental condition (i.e., after bonus participants
were provided with the penalty contract, and vice versa). Overall, 65% of participants
preferred the bonus contract, 19% preferred the penalty contract, and 16% were
indifferent between the two. Although conventional economic theory predicts that
all participants would be indifferent, 84% of participants expressed a preference, and
a significantly greater proportion (binomial test, p < .001) of these preferred the bonus
contract (65%) to the penalty contract (19%). Results were not significantly different
across experimental conditions (chi square = 1.47, p = .48), with 60% (70%) pre-
ferring the bonus contract, 23% (15%) preferring the penalty contract, and 17% (15%)
expressing indifference between the contracts in the bonus and penalty conditions,
respectively. Further, of those participants expressing a preference, the proportion
preferring the bonus contract in each experimental condition was significantly greater
than the proportion preferring the penalty contract in that condition (binomial tests,
ps < .03). These results are consistent with H1, and as such, replicate Luft’s finding
that employees generally prefer bonus contracts to penalty contracts.

H2 predicts that greater expected disappointment about having to pay the penalty
or not receiving the bonus will result in greater employee effort in both the bonus
and penalty conditions. To test this hypothesis, we first regressed participants’ effort
choices on their expected disappointment responses for the pooled data set. Results
show a strong positive association (t = 5.61, p < .001), indicating that, consistent with
H2, effort increased significantly as expected disappointment increased. Separate
regressions for the Bonus (t = 3.67, p < .002) and Penalty (t = 3.49, p < .002)
conditions yielded similar results.

H3 predicts that higher employee fairness ratings of their contracts will result
in higher employee effort in both the bonus and penalty conditions. To test this
hypothesis we first regressed participants’ effort choices on their perceived fairness
ratings for the pooled data set. Results showed a strong positive association (t =
2.79, p < .008), indicating that, consistent with H3, effort increased significantly as
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perceived fairness increased. Separate regressions for the Bonus (t = 3.13, p < .005)
and Penalty (t = 2.08, p < .047) conditions yielded similar results.

H4 predicts that employees facing a penalty contract will expect to be more
disappointed about having to pay the penalty than employees facing a bonus contract
will be about not receiving the bonus. In other words, participants’ expected dis-
appointment will be asymmetric, reflecting loss aversion. To test this hypothesis we
compared participants’ ratings of the degree of disappointment they expected to
feel if they did not receive the bonus in the Bonus condition to the degree of
disappointment they expected to feel if they had to pay the penalty in the Penalty
condition. The results, which are reported in Table 2, show that, consistent with H4,
participants’ degree of expected disappointment was significantly higher (t = 3.16,
p < .003) in the Penalty condition (mean = 9.36) than in the Bonus condition (mean
= 6.77). That is, despite the economic equivalence of the bonus and penalty con-
tracts, participants indicated that they were significantly more averse to having to
pay the penalty than they were to not receiving the bonus. These results reflect loss
aversion because participants viewed paying the penalty as a bigger psychological
loss than not receiving the bonus.

H5 predicts that employees will perceive bonus contracts to be fairer than
penalty contracts. To test this hypothesis, we compared participants’ ratings of how
fair they considered the contract they faced in the Bonus versus Penalty conditions.
As shown in Table 2, Bonus condition participants rated the bonus contract (mean =
7.40) as significantly fairer (t = 2.41, p < .02) than Penalty condition participants
rated the penalty contract (mean = 5.30). These results are consistent with H5,
as well as with Luft’s post-experimental questionnaire results, which showed that
virtually all of her participants thought that “most employees” would feel that a
bonus contract was fairer than an economically equivalent penalty contract.

Table 2. Mean (standard deviation) of Expected Disappointment, Perceived Fairness and
Effort Measures

Variable Contract Frame t-statistic p-value
(Bonus = Penalty) (two tailed)

Bonus Penalty

Expected 6.77 9.36
Disappointment (3.26) (3.51) 3.16 .002

Perceived 7.40 5.30
Fairness (3.94) (3.17) 2.41 .019

Effort 7.40 9.58
(4.58) (3.31) 2.23 .029

n 35 33
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4.2. Research Questions

Our first research question (RQ1) asks whether framing economically equivalent
contracts in bonus terms versus in penalty terms affects employee effort. As shown
in Table 2, employee effort was significantly higher (t = 2.23, p = .029 two-tailed)
in the Penalty condition (mean = 9.58) than in the Bonus condition (mean = 7.40).
This result can potentially be explained by the loss aversion documented earlier in
tests of H4, which indicated that Penalty condition participants expected to be more
disappointed about having to pay the penalty than Bonus condition participants
expected to be about not receiving the bonus. Combined with the finding that greater
disappointment resulted in higher employee effort (H2), these results can explain
why employee effort was greater in the penalty condition.6

The greater effort observed under the penalty contract runs contrary to a reci-
procity effect which predicts that effort will be greater under the bonus contract.
Nevertheless, reciprocity could still be operating if the effect were dominated by the
more powerful opposing effect of loss aversion. Indeed, further analysis reported
below for our second research question is consistent with this interpretation.

Our second research question (RQ2) asks whether Expected Disappointment
and/or Perceived Fairness mediate the effect of Contract Frame on Effort docu-
mented in RQ1. To address this question, we conducted four regression analyses
as follows:

(1) Effort = α + β1 Contract Frame + ε
(2) Effort = α + β1 Contract Frame + β2 Expected Disappointment + ε
(3) Effort = α + β1 Contract Frame + β2 Perceived Fairness + ε
(4) Effort = α + β1 Contract Frame + β2 Expected Disappointment + β3 Perceived

Fairness + ε

where, Effort = participants’ effort choices
Contract Frame = 1 for Bonus condition, 0 for Penalty condition
Expected Disappointment = participants’ rating of the disappointment they

expected to experience if they did not receive the bonus (Bonus condi-
tion) or had to pay the penalty (Penalty condition)

Perceived Fairness = participants’ rating of the fairness of their contract

The results for these four regressions are reported in Table 3. We know from the
analysis reported for RQ1 that, overall, Effort was higher in the Penalty condition
(Contract Frame = 0) than in the Bonus condition (Contract Frame = 1). This is
confirmed by the results of the first regression, which show that Contract Frame is
negatively related to Effort (t = −2.23, p = .029). The second regression examines
the extent to which the effect of Contract Frame on Effort is mediated by Expected
Disappointment. The results indicate that, consistent with the results of H2 reported
earlier, Expected Disappointment has a strong positive effect (t = 4.97, p < .001)
on Effort. However, more importantly, including Expected Disappointment as an
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explanatory variable in the second regression causes the effect of Contract Frame
on Effort to drop to nonsignificance (t = −.62, p = .536 in the second regression versus
t = −2.23, p = .029 in the first regression). These results indicate that Expected Dis-
appointment mediates the effect of Contract Frame on Effort. That is, the reason that
employees chose greater effort in the Penalty condition than in the Bonus condition
appears to be that, consistent with the loss aversion documented in H4, they were
more averse to having to pay the penalty in the Penalty condition than they were to
not getting the bonus in the Bonus Condition. Moreover, the adjusted R2 increased
substantially when Expected Disappointment was included in the second regression
(R2 increased from .06 in the first regression to .31 in the second regression), show-
ing that not only does Expected Disappointment mediate the effect of Contract on

Table 3. Effort Regressions

Intercept Contract Expected Perceived Adj. R2

Frame Disappointment Fairness

Regression Coefficient 9.576 −2.176
Model 1 (standard error) (0.699) (0.974) .06

t-statistic 13.70 −2.23
p-value .000 .029

Regression Coefficient 3.734 −0.559 0.624
Model 2 (standard error) (1.319) (0.897) (0.125)

t-statistic 2.83 −.62 4.97 .31
p-value .006 .536 .000

Regression Coefficient 7.006 −3.192 0.485
Model 3 (standard error) (0.919) (0.924) (0.125)

t-statistic 7.62 −3.46 3.87 .22
p-value .000 .001 .000

Regression Coefficient 1.170 −1.575 0.624 0.484
Model 4 (standard error) (1.268) (0.808) (0.109) (0.103)

t-statistic .92 −1.95 5.72 4.71 .48
p-value .360 .056 .000 .000

Number of observations = 68 for all models.

The full model (Model 4) is:

Effort = α + β1 Contract Frame + β2 Expected Disappointment + β3 Perceived Fairness + ε

where, Effort = participants’ effort choices
Contract Frame = 1 for Bonus condition, 0 for Penalty condition
Expected Disappointment = participants’ rating of the disappointment they expected to

experience if they did not receive the bonus (Bonus condition) or had to pay the
penalty (Penalty condition)

Perceived Fairness = participants’ rating of the fairness of their contract
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Effort, but it also has a strong, separate influence on Effort within each of the Bonus
and Penalty conditions. These results are consistent with the top path in Figure 1.

The third regression shows that Perceived Fairness also mediates the effect of
Contract Frame on Effort (bottom path of Figure 1), but in the opposite direction of
Expected Disappointment. Consistent with the reciprocity documented earlier in H3,
Perceived Fairness has a strong positive effect (t = 3.87, p < .001) on Effort, indicat-
ing that higher Perceived Fairness yields higher Effort. In addition, after statistically
controlling for the effect of Perceived Fairness, the effect of Contract Frame on
Effort was actually stronger (t = −3.46, p < .002) than it was in the first regression
(t = −2.23, p = .029) when Perceived Fairness was omitted from the regression.
That is, including Perceived Fairness in the regression does not weaken the effect
of Contract Frame on Effort as is the case in most mediation analysis, but rather
strengthens it. This is because, although both Expected Disappointment and Per-
ceived Fairness mediate the effect of Contract Frame on Effort, they do so in oppo-
site directions.7 A final important observation regarding the third regression is the
substantial increase in the adjusted R2 from .06 in the first regression to .22 in the
third regression, which indicates that in addition to mediating the effect of Contract
Frame on Effort, Perceived Fairness had a separate effect on Effort within each of
the Contract Frame conditions.

Although Perceived Fairness was higher in the Bonus condition than in the
Penalty condition (H5) and it affected Effort as predicted in H3 (i.e., higher per-
ceived fairness led to greater effort), this effect (depicted in the bottom path of
Figure 1) was entirely dominated by the opposing effect depicted in the top path of
Figure 1. Taken together, the results of the first three regressions suggest that, while
reciprocity caused participants to choose more effort in the Bonus condition than in
the Penalty condition (third regression), this effect was dominated by the stronger
opposing effect of loss aversion (second regression), which caused participants to
choose more effort under the penalty contract (first regression).

The fourth regression, which included both Perceived Fairness and Expected
Disappointment as explanatory variables, increased the adjusted R2 to .48, versus .22
when only Perceived Fairness was included in the third regression, and .31 when
only Expected Disappointment was included in the second regression. As shown in
Table 3, the effects of both Perceived Fairness and Expected Disappointment on
Effort remain statistically significant in the expected directions in the fourth regression.
These results confirm the interpretation offered above, which was based on the com-
bined results of the first three regressions. Specifically, while both Perceived Fair-
ness and Expected Disappointment are important factors in explaining participants’
effort levels, the effect of Perceived Fairness is dominated by the more powerful
opposing effect of Expected Disappointment.8 We also note that a marginally signi-
ficant effect of Contract Frame on Effort (t = −1.95, p = .056) remains after controlling
for both Perceived Fairness and Expected Disappointment in the fourth regression,
suggesting that, despite the high adjusted R2 (.48), there is still some other force not
fully captured in our Expected Disappointment measure that caused participants to
choose more effort under the penalty contract than under the bonus contract.9
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5. DISCUSSION

Our findings can be summarized as follows: Consistent with Luft (1994), we find
that employees generally prefer bonus contracts to economically equivalent penalty
contracts. We extend Luft’s study by demonstrating that employee effort is higher
under a penalty contract than an economically equivalent bonus contract. Our ana-
lysis demonstrates that this finding is the result of two effects that work in opposite
directions, where the first effect dominates the second. The first effect is due to loss
aversion, which makes employees more averse to having to pay a penalty than to not
receiving a bonus, and causes them to choose more effort under the penalty contract.
The second effect reflects reciprocity, which causes employees who consider their
contracts to be fairer to choose more effort. Because employees generally perceived
the bonus contract to be fairer than the penalty contract, reciprocity caused employ-
ees to choose more effort under the bonus contract. We find support for both of these
opposing effects, with reciprocity dampening, but not completely offsetting, the
dominant effect of loss aversion on employee effort.

Our results have important implications for understanding why in practice most
actual contracts are framed as bonus contracts. Under conventional economic ana-
lysis, it is irrelevant whether a contract is framed in bonus terms or penalty terms.
However, Luft argued that because employees prefer bonus contracts, they would
demand higher payments from firms to accept penalty contracts. Thus, assuming no
other differential cost between offering a bonus or penalty contract, firms maximize
profits by offering bonus contracts. However, our results show that firms do bear a
cost for offering bonus contracts rather than penalty contracts. That is, employees
choose more effort under penalty contracts, so offering a bonus contract gives up
the benefit of this increased effort. Consequently, it is no longer clear that offering
a bonus contract maximizes firm profit.

Of course, this brings us back to the original question of why in practice most
actual contracts are bonus contracts. Conventional economic theory offers no expla-
nation because it predicts indifference between bonus contracts and economically
equivalent penalty contracts. Given our results, Luft’s (1994) explanation that we
observe bonus contracts in the world because employees prefer them cannot be
a complete explanation because the attendant logic fails to recognize the cost of
forgone effort associated with bonus contracts. In our view, a better and more
comprehensive explanation is likely to be found only through additional research
designed to understand the full range of costs and benefits associated with each type
of contract.

Along with Luft’s (1994) study, the results of this study clearly show that con-
ventional economic analysis fails to capture either employees’ preferences for bonus
contracts or the fact that penalty contracts motivate higher effort. Thus, we already
know that there are important costs and benefits associated with incentive con-
tracts beyond those typically assumed to exist in conventional economic analysis.
We suspect there are still other costs associated with offering penalty contracts, or
benefits associated with offering bonus contracts, that are not yet reflected in any of
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the currently available explanations for why penalty contracts are rarely observed in
practice. For example, it may be that employees have ways to retaliate against a firm
who offers them a penalty contract other than to withhold effort. In our experiment,
withholding effort was the only possible means of retaliation against the firm. How-
ever, withholding effort also increased the chance of having to pay the penalty, and
therefore employees who were motivated by loss aversion to avoid the penalty had
no choice but to bear the higher cost of choosing higher effort.

In contrast, in some actual work settings, employees could choose to work hard
to avoid the penalty just as they did in our experiment, but then quit their job or take
other retaliatory actions against the firm that would benefit the employee at the
expense of the firm. If firms anticipate that such employee retaliation will be a likely
consequence of using penalty contracts, a cost/benefit analysis may lead them to
conclude that using bonus contracts is likely to maximize profits in the long run.

Alternatively, in settings where employees have other options for extracting
monetary benefits (for example employee theft), employees may in fact withhold
effort (i.e., not exert more effort under a penalty contract than a bonus contract),
but then extract monetary benefits through other means to make up for the forgone
incentive pay (Greenberg 1990). In this case, there would be an extra cost, but no
offsetting benefit, associated with using a penalty contract. Consequently, firms
would likely maximize profits by offering bonus contracts. Future research could
investigate whether such other potential costs of using penalty contracts can help
explain why bonus contracts are typically observed in practice.
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NOTES

1 A recent study by Frederickson and Waller (2004) supports Luft’s (1994) findings in an experimental
setting where firm participants and employee participants interact. Specifically, employees demanded
higher expected pay to accept an offer framed as a penalty contract versus an offer framed as a bonus
contract, and firms accommodated this employee loss aversion by making higher offers in the penalty
contract frame. We note that Luft did not limit her explanation for why employees prefer bonus con-
tracts to Kahneman and Tversky’s (1979) pure prospect-theory definition of loss aversion. Nevertheless,
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all the related effects she described are consistent with the more general notion of loss aversion which
reflects the well-documented finding in psychology that the negative response to penalties, losses,
punishment, etc. is greater than the positive response to equivalent bonuses, gains, rewards, etc. In
addition, because all the loss-aversion related effects described by Luft (1994) and Frederickson and
Waller (2004) cause employees to prefer bonus contacts to penalty contracts, they all lead to Luft’s
conclusion that employers maximize profit by offering bonus contracts.

2 It was made clear to participants that they were required to pay back any penalty amounts before
leaving the room. An additional experimenter was posted at the door to ensure that no participant exited
the room before settling their accounts with the experiment’s paymaster, and no participant attempted
to do so.

3 This operationalization of effort is consistent with the agency theory definition of effort (Baiman 1982)
in that (1) participants had control over the effort level choice, (2) higher effort increased the prob-
ability of reaching the target (high) outcome, and (3) participants derived disutility from choosing a
higher effort level.

4 For example, choosing effort level 1 yielded an expected payoff of .30 ($30) + .70 ($20) − $0.50 =
$22.50, while choosing effort level 10 yielded an expected payoff of .75 ($30) + .25 ($20) − $5 =
$22.50.

5 The total number of chips in each of the 13 bags varied as necessary to create the exact outcome
probability distribution corresponding to each effort level.

6 We also verified that the relation between Expected Disappointment and Effort was in the predicted
direction, and that the path was not the opposite one. That is, it is not the case that greater effort led to
greater disappointment. This additional test of the causal path is reported in footnote 8.

7 Perceived Fairness and Expected Disappointment are not significantly correlated with each other [Pearson
(Spearman) correlation = −.105 (−.087), p > .40 (.47)].

8 We also used structural equation modeling to test the overall model depicted in Figure 1. Under this
approach, a single covariance matrix is created and used to simultaneously estimate all links in the model
(Kline 1998). Results from the overall model are almost identical to the corresponding individual tests
reported for H2 – H5 and RQ1 and RQ2. Specifically, Expected Disappointment was higher under the
Penalty contract and Perceived Fairness was higher under the Bonus contract. Both Expected Dis-
appointment and Perceived Fairness had a positive effect on Effort. The path coefficients are equal to
those reported in regression model 4 in Table 3 for Expected Disappointment to Effort (.62), Perceived
Fairness to Effort (.48) and Contract Frame to Effort (−1.57). The primary measure of fit for the
structural equation model is a Chi-square statistic, which tests the null hypothesis that the proposed
model is a good fit for the data. For the model depicted in Figure 1, the Chi-square is not statistically
significant (χ2 = .000, p = .995), indicating that the model is a good fit. To bolster confidence in our
interpretation of the causal path, an alternative model was specified which reversed the direction
between Expected Disappointment and Effort. That is, although we hypothesized that Expected Dis-
appointment would result in higher Effort, a potential alternative explanation is that choosing higher
effort caused participants to expect to be more disappointed if they had to pay the penalty or forgo the
bonus. The null hypothesis that the model is a good fit for the data is rejected for the alternative model
(χ2 = 11.06, p < .005), indicating that the alternative causal explanation is not tenable. A similar model
which reversed the causal direction for Perceived Fairness also was not tenable (χ2 = 23.14, p < .001).

9 We also ran a regression including all three independent variables included in the fourth regression and
all related interactions (R2 = .60). Results are consistent with those reported for the fourth regression in
that both Expected Disappointment and Perceived Fairness remain statistically significant (ps < .001).
In addition, neither the 3-way interaction, nor the 2-way interactions between Contract Frame and
Perceived Fairness or Contract Frame and Expected Disappointment are statistically significant. The
significant interaction between Perceived Fairness and Expected Disappointment (t = −3.76, p < .01)
reflects a diminishing return to Effort when both Expected Disappointment and Perceived Fairness are
high, and as such, has no implications for the interpretation of the results reported in the paper. Finally,
the effect of Contract Frame drops to nonsignificance when all interactions are included in the model,
suggesting that the remaining negative effect of Contract Frame on Effort noted in the fourth regression
may reflect the fact that the model excluded the interaction terms.
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Chapter 9

MANAGERIAL INCENTIVES AND COMPETITION
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Abstract

This paper experimentally tests the impact of managerial incentives on competitive
(market) outcomes. We use a Cournot duopoly game to show that when managers’
incentives are based on the firm’s absolute performance (profits), collusion can be
sustained. However, when managers’ incentives are based on the firm’s relative per-
formance (their profits relative to the other firm’s profits), this drives the market to
the competitive and efficient outcome. These results suggest that regulators need to
consider not only the number and concentration of firms in an industry, but also the
managerial compensation schemes when deciding how much intervention is appro-
priate in a given industry.

1. INTRODUCTION

The question of how to motivate managers in order to maximize firm’s profit is an
important one, both economically and psychologically. A large literature examines
the impact of managerial incentives on effort and performance, especially under
conditions of moral hazard, where there exist principal-agent problems. A nice dis-
cussion and review of this issue can be found in Prendergast (1999).

In contrast, we are interested in the impact of managerial incentives on collusive
outcomes of firms. Thus the experiment reported here builds on the work of Vickers
(1985), Sklivas (1987) and Fershtman and Judd (1987). In these papers, the authors
theoretically explore the question of which incentive schemes firms might choose for
their managers, comparing those which reward managers only on profits with those
that reward managers on some combination of profits and revenue (Sklivas) or
profits and sales volume (Vickers, Fershtman and Judd).

In this paper, we will compare slightly different compensation schemes; one in
which managers are paid as a function of the profits of the firm, and a second where

© 2005 Springer. Printed in the Netherlands. 
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they are compensated based on their performance relative to the other firm in their
industry. Unlike the previous papers, we will focus not on the incentives for the
firms to choose one of these compensation schemes over another, but instead experi-
mentally explore how managers act when compensated by each one.

We use a symmetric Cournot duopoly setting with perfect information and no
uncertainty. When managers are compensated based on firm profits, the equilibrium
of the game involves collusion. However, when managers are compensated based on
relative profits, the equilibrium devolves to the perfectly competitive outcome. We
test this simple theory in an experiment. Participants play a series of one-shot Cournot
games in a strangers design. We find, consistent with the theory, that individuals
produce significantly less quantity (are more collusive) when they are compensated
based on their absolute performance than when they are compensated based on their
relative performance.

These results are useful on a number of dimensions. First, they provide psycho-
logical support for the theory and its predictions. Second, they highlight the import-
ance of firms’ choice of managerial incentives to maximize own profit. Finally, they
highlight an additional tool that regulators may have in preventing collusion – they
can monitor executive compensation in addition to (or perhaps instead of) output in
markets where collusion is suspected.

The remainder of this chapter is organized as follows. Section II introduces the
Cournot setting and derives predictions using the parameters from the experiment.
Section III presents the experimental design and implementation that we used.
Section IV describes our results and section V concludes.

2. COURNOT COMPETITION

This model incorporates the basic Cournot intuition. Two managers work for
symmetric firms and face a known (and here, linear) demand function. Each faces
marginal costs (here, constant) and independently chooses the quantity their firm
will produce. We assume that the manager chooses the quantity his firm will pro-
duce so as to maximize his own earnings, given his compensation package. We
examine two cases, first, the case in which each manager is compensated with a
fraction of his firm’s absolute profits and second, the case in which each manager
is compensated based on his profits relative to the other firm.

In the experiment, we use the following parameters:

Demand function: Price = $100 − (q1 + q2)
Marginal cost: $10 per unit

Case A. The manager is compensated based on a fraction of his firm’s profits; in
the experiment he earns the firm’s profits divided by $1000. Thus for each $1000 of
firm profits, he earns $1. Manager i thus maximizes his earnings by solving the
following problem.



MANAGERIALMM IL NCENTIVESII AND COMPETITION 173

Max
qi

{qi * [(100 − qi − qjq ) − 10]} / 1000.

Taking the other firm’s production as given, this yields

qi* = qj* = 30,

the classic Cournot equilibrium outcome.1 Note that this level of production
yields $900 of firm profits, and thus 90 cents of profit for each manager in the
experiment.2

Case B. Here, the manager is compensated based not on his absolute profit but
based on his profit relative to the other manager. In our experiment, we implement
this in the following way.

• If both firms earn the same amount of profit, each earns $1 in managerial
compensation.

• If one firm earns more profit than another, the manager of the more profitable
firm earns $2 in managerial compensation, and the manager of the less profitable
firm earns $0 in managerial compensation.3

Note first that the Cournot outcome above is no longer an equilibrium. If each
firm produces 30 units, then each firm earns $900 of profit and each manager earns
$1 (since both firms have the same profit). However, a given manager can profitably
deviate from this outcome, producing 31 units of output, decreasing his firm’s profit
to $899 but decreasing the profit of the other firm to $870. Since his firm is now
more profitable than the other firm, he earns $2 of managerial compensation while
the other manager earns $0.

This process continues until both firms are producing the perfectly competitive
output of 45 units, charging a price equal to marginal cost of $10 and earning zero
profits. Each manager thus earns $1. At this point, no manager wants to increase
their production further. Increasing a firm’s production to 46 units results in a profit
of −46 for this firm and only −45 for the competitor, thus no manager wants to
increase (or decrease) their production from this point.4

Two previous experiments have tested behavior in settings related to this one. In
Potters, Rockenbach and Sadrieh (2004) the authors run an experiment in which
managers are compensated based on relative productivity. However, their focus is on
the extent to which the agents (managers) collude to take advantage of the principals
(firms) when compensated in this way. In our relative compensation treatment, there
is no benefit from such collusion; the total to be paid to managers is fixed. A second
paper, Huck, Muller and Normann (forthcoming), directly tests the predictions of the
Vickers/Fershtman and Judd models in which firms choose compensation schemes
(either just profits or profits and sales) and managers choose quantities in response to
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those contracts. Our paper is a simpler version (examining just the managers’
actions), and examines a different compensation scheme (relative profits rather than
sales volume).

3. EXPERIMENTAL DESIGN AND IMPLEMENTATION

We test the predictions of this theory using an experiment involving Cournot com-
petition. Many previous researchers have tested Cournot competition experimentally
(see, for example, Holt 1995 for a review), starting with Fouraker and Siegel (1963).
These experiments have found that participants often play Cournot equilibria when
the number of competitors is sufficiently small (2 and sometimes 3) and when they
have the opportunity to learn the game (repeated play).

We want an environment in which collusion occurs in the baseline case so as to
show we can make it disappear when managers are compensated based on relative
profits. Thus we will use the duopoly setting in our experiment with perfect and
stationary information about the demand function, both competitor’s (constant)
marginal costs, and a repeated game setting.

Our experiment involved 91 participants: 43 in the baseline treatment and 48 in
the relative payment treatment. Participants were recruited from the undergraduate
population at the University of Pennsylvania, and were told that they could parti-
cipate in an experiment in which they would keep their earnings. The experiment
was run by hand, in a large classroom at the University. Participants were seated
sufficiently far apart that they could not see the decisions of others.

Participants were brought into the lab and given a $5 show-up fee. Instructions
were handed out and read aloud. A copy of the instructions can be found in Appen-
dix A. The instructions included details of the participants’ compensation schemes
which differed between the treatments. Each participant represented a manager
whose firm competes in a duopolistic market, producing goods that are perfect
substitutes. Participants were then randomly matched, and were asked to make a
production (quantity) decision in the Cournot setting. Each manager could choose
the quantity they wished their firm to produce, and that choice in combination with
their counterpart’s choice determined their and their counterpart’s profits. The
parameters for the experiment were as described above.

Participants played the game eight or nine times, depending on the size of the
group that had arrived in the lab. For each iteration, they were paired against a
different counterpart (strangers design) with no overlap. No individual met the same
counterpart more than once in the experiment. After each iteration, the participants
were told their firm’s profits, their counterpart’s firm’s profits, and their own earn-
ings.5 In the baseline treatment, participants were paid based on their firm’s absolute
profits earned over the entire experiment. In the relative payment treatment, par-
ticipants’ earnings were determined by comparing their firm’s profits relative to
their counterpart’s profits in each round (as described above), and summed over the
rounds that they played. Average earnings in the experiment were $12.63 in the
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baseline treatment and $13.72 in the relative compensation treatment, including the
show-up fee, and the experiment lasted about 45 minutes.

4. RESULTS

We compare behavior in this experiment to the two equilibrium predictions. In the
baseline treatment, we predict that participants will choose the Cournot quantity
(30). In the relative compensation treatment, we predict that participants will choose
the competitive quantity (45). Thus we predict that quantities chosen will be higher
when managers are compensated based on relative profits than when they are com-
pensated based on absolute profits.

These predictions were supported by the data. The average quantity produced in
the baseline treatment was 34.3, only slightly higher than the equilibrium prediction
of 30. The average quantity produced in the relative compensation treatment as 43.6,
only slightly lower than the equilibrium prediction of 45.

Since we have multiple observations for each participant, we first calculate
each person’s average production over the rounds he played. Figure 1 graphs the
distribution of those productions in the two treatments, arranged in increasing order.
A t-test comparing these distributions finds a significant difference between them
(p < .0001).

We also report the results of an OLS regression of quantities chosen, using each
period’s observation. We control for individual effects, session effects, and the
period number (repetition). Results are shown in Table 1, above.

There is a significant difference between the two treatments; in particular, the
quantity produced is significantly lower in the baseline treatment than in the relative
compensation treatment. In addition, we also see a small but significant coefficient
on the period number. Quantities tend to increase over time, suggesting that particip-
ants may be trying to collude in early rounds, but converging toward equilibrium
once they experience the game.6

While comparative-statics of this experiment support the theory’s predictions,
the levels are not quite as predicted. That is, while managers produce more under
relative compensation than under absolute compensation (the baseline), they don’t
produce enough more. The coefficient on treatment in the above regression is sig-
nificantly greater than the predicted coefficient of −15 (p < .01). Thus we interpret
our results as qualified support for the theory.

A further analysis investigates the time-trend of production decisions. Although
each period represents a one-shot game, participants in the experiment may be
learning how to play, and behavior may converge toward or away from the equilib-
rium. Figure 2 graphs average quantities produced in each round of the game in the
two treatments. Note the axes in this figure; the minimum is 30, which is the predicted
Cournot production. The maximum is 45, which is the predicted relative production.

As can be seen, there is a definite trend of increasing quantities in the relative
payment treatment. The trend in the baseline (Cournot) treatment is less clear.
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Table 1. OLS Regression of Quantity Chosen

Estimate t-statistic p-value

Intercept 36.78 66.11 0.0000

Baseline Treatment −4.65 18.20 0.0001

Period 0.444 4.46 0.0001

Session dummies yes

Individual dummies yes

N 758
R2 (adj.) .4765

Figure 1. Each Participant’s Average Quantities Chosen.
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Figure 2. Average Quantities Chosen Over Time.

Table 2. OLS Regression of Quantity Chosen

Baseline (Cournot) Relative Payment

Estimate t-statistic p-value Estimate t-statistic p-value

Intercept 32.44 35.96 0.0000 40.98 62.20 0.0000

Period 0.180 1.13 0.2596 0.628 4.51 0.0000

Session dummies yes yes

Individual dummies yes yes

N 344 N 414
R2 (adj.) .3884 R2 (adj.) .2938

Indeed, separate regressions for each treatment show a significant time-trend in the
former, but not in the latter.

5. CONCLUSIONS AND IMPLICATIONS

Our experimental results support the model’s comparative-static predictions: how
managers are compensated (based on absolute or relative profits) has important
implications for collusive behavior. Further research might investigate individual
behavior in this setting by looking at each participant’s history and seeing how they
react to particular outcomes. Future research might also expand the scope of the
inquiry to include the decision(s) of the firms in choosing these contracts.
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In any experiment proporting to say something about the world, external validity
questions are of extreme importance. One limitation of this analysis and experiment
is that it applies only to firms whose products are perfect substitutes (are not hori-
zontally or vertically differentiated). That said, a number of other asymmetries can
be added to the model without changing its results, including asymmetric (but
constant) marginal costs, asymmetric proportions of absolute profits that managers
are compensated, and asymmetric measures of relative profitability.

In practice, many compensation contracts involve fixed salaries and are not based
on beating the competition. However, there may be other reasons why managers
would care about relative profits. For example, if part of managerial compensation is
through stock and options, and the market incorporates relative performance into
its valuations, then managers’ compensation will include relative performance.
Furthermore, relative performance may influence whether a manager keeps his job
or gets promoted.

In addition to validating the theory, these results have important lessons for
antitrust regulators. To determine whether an industry is collusive it is not sufficient
(and may not even be necessary) to look at the industry’s output, one should also
look at managerial incentives of the individual firms. Similarly, regulating manage-
rial incentives may have a bigger impact than simply denying specific mergers. Even
in very concentrated (two-party) industries in our experiment, when incentives were
relative rather than absolute, outcomes were competitive. Thus even in industries
where concentration and other usual measures of collusive potential are the same,
the amount of inefficiency that is observed is likely to depend on the incentives of
the managers.

This research also raises an additional cost to firms compensating their managers
based on relative performance. On the one hand, these compensation schemes can
overcome principal/agent problems when there exist informational asymmetries. On
the other hand, they may lead to incentives which reduce firms’ profits. Firms need
to balance the costs and benefits when considering varying compensation schemes.

NOTES

1 We have calculated this solution for the case of symmetric firms. But it is robust to asymmetries in
constant marginal cost, in the exact proportion of profits which each manager is compensation (whether
they are the same or different), and size of the firm (capacity) so long as that constraint does not bind.
One assumption about Cournot competition on which we rely quite heavily is the assumption of
homogeneous products. If the firms are producing products which are vertically or horizontally differ-
entiated, then Cournot is no longer the appropriate model.

2 One concern with Cournot experiments like this one is the flat maximum critique (Harrison 1989), which
argues that payoffs are not sensitive to participants’ actions around equilibrium. That is, if my partner
is producing the Cournot equilibrium quantity, the costs to me from deviating from the equilibrium are
quite low. This can add noise to the outcomes. As will be seen, the second treatment (case B, relative
compensation), does not suffer from this critique; there a deviation is quite costly. This critique predicts
that the variance of quantities chosen in the first treatment will be higher than those chosen in the second
treatment. This prediction is in fact true; the standard deviation of quantities chosen in the first treatment
is 9.76 and in the second is 7.31. An F-test suggests that this difference is significant, p < .01.
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3 The reasonableness of this relative payment scheme relies on the symmetry of the two firms. If instead
the firms vary, for example, on marginal cost, then comparing absolute profits is clearly not a reason-
able benchmark. However, if managers are compensated relatively but based on standardized bench-
marks (e.g., return on capital, profits relative to size, . . . ), the same competitive results hold.

4 Others have used experimental designs in which participants are compensated based on their relative
payoffs, but in different contexts and for different purposes. Andreoni (1995) and Kurzban and Hauser
(2002) use relative payoffs in public goods games to differentiate kindness and confusion. Croson and
Donohue (2003), Croson and Donohue (forthcoming) use relative payoffs to capture real-world
benchmarking incentives in a supply chain management game.

5 In addition, we ran a third treatment in which 31 participants played a Cournot game similar to our
baseline treatment. However, after each round of the game they were not told the profits of their
counterpart. Theoretically this should not make a difference, and indeed empirically there were no
differences between this treatment of incomplete information and the Cournot (baseline) treatment we
report here. Instructions and data from this treatment are available from the authors.

6 A similar regression using a discrete measure of period (dummies for periods 2 through 9) yields
identical results. We also look for and fail to find an interaction between the treatment and the period
number; thus any observed learning is occurring at the same speed in the two treatments.
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APPENDIX A: INSTRUCTIONS

CC
Instructions

Welcome!

In this session you will be playing the role of a firm competing in a marketplace.
You and another student representing a competing firm will simultaneously decide
how much of a commodity product to produce. The quantities you choose will be
combined to determine the price at which you can sell your product, and your
corresponding profit. At the end of the session, you will receive cash earnings
corresponding to your firm’s profitability. The more you earn as a firm, the more
money you as an individual will earn.

Your Firm

Imagine that you and another competing firm both manufacture an identical product
called a widget. There are no fixed costs of production, but each widget you manu-
facture costs you $10. Your competitor has the same costs as you do.

The Marketplace

In this market, you and your competitor simultaneously choose how many widgets
to manufacture, incurring the cost of $10 for each widget produced. Given the total
quantity produced by you and your competitor, the market determines a price which
it will pay for your widgets according to the following formula:

Price = 100 − [ your quantity + competitor’s quantity]

Your revenue from this market would thus be the price as above, times the number
of widgets you produced. Your costs would be $10 times the number of widgets you
produced. Your profit would be your revenue minus your costs. Notice that it is
possible to earn negative profit in this market (if you and your competitor together
produce more than 100 widgets).

The Interaction

We want to let you have some practice in making this decision, thus in this session
you will be playing this role multiple times. However, each time you make a deci-
sion of how much to produce, you will be facing a different competitor. You will
never compete against the same rival twice.

Everyone in the room has been assigned an ID number. At the beginning of each
round you will complete a Decision Form which will tell you the ID number (but
not the name) of your competitor. You will never face the same competitor more
than once. After each round we will tell you your profit and the profit of your
competitor for the round.
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Earnings

At the end of the session we will add together your firm’s profit in each round. You
will earn money at the rate of one dollar for each $1000 of profit your firm has
earned The more money your firm takes in profit, the more money you will earn.

Any questions?

Before we begin, let’s look together at the forms you will be using for the experi-
ment. At the beginning of each round you will see a form like the sample below.

Sample Decision Form

Round Number 1

Your ID Number 1 Your Name:

Your Competitor’s ID Number 2

Your Quantity Produced

do not write below this line
---------------------------------------------------------------------------------------------------

Your Profit

Your Competitor’s Profit

Earnings

This form will be used to keep track of your decisions and profit. The top of the
form tells you the round number, your ID number and your competitor’s ID
number. This will be already filled in for you on each form, but you will have to fill
in your name.

At the beginning of the round, you decide how any widgets to produce. Fill in
that amount on the first line (Your Quantity Produced). Then hold the form above
your head. The experimenter will come around and pick it up from you.

The experimenter will record your profit, the profit of your competitor and your
earnings from this round (your profit ÷ 1000), and then hand the form back to you.
Keep it to refer to at the end of the session. You may then proceed to the next round,
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decide how many widgets to produce and hold up the form for the experimenter to
pick up. Remember, you will be facing different competitors in different rounds.
You will not be matched with the same competitor twice.

At the end of the experiment, calculate your total cash earnings on the final form.
We will call your name, bring all your forms with you to receive your cash earnings.

Any questions before we begin?

E
Instructions

Welcome!

In this session you will be playing the role of a firm competing in a marketplace.
You and another student representing a competing firm will simultaneously decide
how much of a commodity product to produce. The quantities you choose will be
combined to determine the price at which you can sell your product, and your
corresponding profit. At the end of the session, you will receive cash earnings
corresponding to your firm’s profitability relative to your competitor. The more you
earn as a firm, relative to the competitor in your industry, the more money you as an
individual will earn.

Your Firm

Imagine that you and another competing firm both manufacture an identical product
called a widget. There are no fixed costs of production, but each widget you manu-
facture costs you $10. Your competitor has the same costs as you do.

The Marketplace

In this market, you and your competitor simultaneously choose how many widgets
to manufacture, incurring the cost of $10 for each widget produced. Given the total
quantity produced by you and your competitor, the market determines a price which
it will pay for your widgets according to the following formula:

Price = 100 − [your quantity + competitor’s quantity]

Your revenue from this market would thus be the price as above, times the number
of widgets you produced. Your costs would be $10 times the number of widgets you
produced. Your profit would be your revenue minus your costs. Notice that it is
possible to earn negative profit in this market (if you and your competitor together
produce more than 100 widgets).

Next, we will compare the profit you earn with the profit earned by your com-
petitor. If you earned more profit than your competitor, you will earn two dollars, if
you earned less profit, you will earn zero dollars. If you and your competitor earned
identical profit, you will each earn one dollar.
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The Interaction

We want to let you have some practice in making this decision, thus in this session
you will be playing this role multiple times. However, each time you make a deci-
sion of how much to produce, you will be facing a different competitor. You will
never compete against the same rival twice.

Everyone in the room has been assigned an ID number. At the beginning of each
round you will complete a Decision Form which will tell you the ID number (but
not the name) of your competitor. You will never face the same competitor more
than once. After each round we will tell you your profit and the profit of your
competitor.

Earnings

Each round in which you earn strictly more profit than your competitor, you earn
two dollars. Each round in which you and your competitor earn equal profit, you
earn one dollar. At the end of the session we will add together the money you earned
in each round. The more profit you make relative to your competitor, the more
money you will earn.

Any questions?
Before we begin, let’s look together at the forms you will be using for the experi-

ment. At the beginning of each round you will see a form like the sample below.

Sample Decision Form

Round Number 1

Your ID Number 1 Your Name:

Your Competitor’s ID Number 2

Your Quantity Produced

do not write below this line
---------------------------------------------------------------------------------------------------

Your Profit

Your Competitor’s Profit

Earnings
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This form will be used to keep track of your decisions and profit. The top of
the form tells you the round number, your ID number and your competitor’s ID
number. This will be already filled in for you on each form, but you will have to fill
in your name.

At the beginning of the round, you decide how any widgets to produce. Fill in
that amount on the first line (Your Quantity Produced). Then hold the form above
your head. The experimenter will come around and pick it up from you.

The experimenter will record your profit, the profit of your competitor and your
earnings from the round, and then hand the form back to you. Keep it to refer to at
the end of the session. You may then proceed to the next round, decide how many
widgets to produce and hold up the form for the experimenter to pick up. Remember,
you will be facing different competitors in different rounds. You will not be matched
with the same competitor twice.

At the end of the experiment calculate your total cash earnings on the final form.
We will call your name, bring all your forms with you to receive your cash earnings.

Any questions before we begin?
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Chapter 10

DYNAMIC STABILITY OF NASH-EFFICIENT
PUBLIC GOODS MECHANISMS: RECONCILING
THEORY AND EXPERIMENTS

Yan Chen
University of Michigan

Abstract

We propose to use supermodularity as a robust dynamic stability criterion for
public goods mechanisms with a unique Nash equilibrium. Among existing public
goods mechanisms whose Nash equilibria are Pareto efficient, the Groves-Ledyard
mechanism is a supermodular game if and only if the punishment parameter is
sufficiently high, while none of the Hurwicz, Walker and Kim mechanisms is
supermodular in a quasilinear environment. The Falkinger mechanism is a super-
modular game in a quadratic environment if and only if the subsidy coefficient is
greater than or equal to one. These results are consistent with the findings in seven
experimental studies.

Keywords: public goods mechanisms, supermodular games, experiments
JEL Classification: H41, C62, D83

1. INTRODUCTION

The design of decentralized institutions to provide public goods has been a challeng-
ing problem for economists for a long time. Since the 1970s, economists have been
seeking informationally decentralized mechanisms (i.e., mechanisms which only use
the agents’ own messages) that are non-manipulable (or dominant strategy incentive-
compatible) and achieve a Pareto optimal allocation of resources with public goods.
Some mechanisms have been discovered which have the property that Nash equilibria
are Pareto optimal. These can be found in the work of Groves and Ledyard (1977),
Hurwicz (1979), Walker (1981), Tian (1989), Kim (1993), Peleg (1996) and Falkinger
(1996).

So far Nash implementation theory has mainly focused on establishing static
properties of the equilibria. When a mechanism is implemented among real people,
i.e., boundedly rational agents, however, we expect the actual implementation to be
a dynamic process, starting somewhere off the equilibrium path. Following Hurwicz
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(1972), one could interpret the Nash equilibrium strategies of a game form as the
stationary messages of some decentralized learning process. The fundamental ques-
tion concerning implementation of a specific mechanism is whether the dynamic
processes will actually converge to one of the equilibria promised by theory. This
paper addresses this question by proposing supermodularity as a robust stability
criterion for public goods mechanisms when there is a unique Nash equilibrium.

The few theoretical papers on the dynamic properties of public goods mechan-
isms have been using very specific learning dynamics to investigate the stability of
mechanisms. Muench and Walker (1983) and de Trenqualye (1988) study the con-
vergence of the Groves-Ledyard mechanism under Cournot best-reply dynamics. De
Trenqualye (1989) and Vega-Redondo (1989) propose mechanisms for which the
Cournot best-reply dynamics is globally convergent to the Lindahl equilibrium1

outcome. Kim (1993) proposed a mechanism which implements Lindahl allocations
and remains stable under the gradient adjustment process given quasilinear utility
functions. One exception is Cabrales (1999) who studies dynamic convergence
and stability of the canonical mechanism in Nash implementation and the Abreu-
Matsushima mechanism under “naive adaptive dynamics,” which is different from
the adaptive learning in Milgrom and Roberts (1990).

Recent experimental studies on learning strongly reject the Cournot best-reply
learning model in favor of other models (e.g., Boylan and El-Gamal, 1993). So far
there has been no experimental investigation of the gradient adjustment process,
even though it has been used fairly extensively in the theoretical research on stability
of games. Experimental research on learning is still far from reaching a conclusion
with regard to a single “true” learning model that describes all adaptive behaviors.
Furthermore, there is strong evidence that individual players adopt different
learning rules under different circumstances (El-Gamal and Grether, 1995). It is
therefore desirable to identify mechanisms which converge under a wide class of
learning dynamics. This paper does so by focusing on mechanisms which are
supermodular games.

Supermodular games (Milgrom and Roberts, 1990) are games in which the incre-
mental return to any player from increasing her strategy is a nondecreasing function
of the strategy choices of other players. Furthermore, if a player’s strategy space
has more than one dimension, components of a player’s strategy are complements.
Supermodular games encompass important economic applications of noncooperative
game theory. For example, in games of new technology adoption, such as those in
Dybvig and Spatt (1983), when more users hook into a communication system, the
marginal return to others of doing the same often increases.

The class of supermodular games has been identified as having very robust
dynamic stability properties (Milgrom and Roberts, 1990): it converges to the set
of Nash equilibria that bound the serially undominated set under a wide class of
interesting learning dynamics, including Bayesian learning, fictitious play, adaptive
learning, Cournot best-reply and many others.2 Therefore, instead of using a specific
learning dynamic, we investigate whether we can find Nash-efficient public goods
mechanisms which are supermodular games.
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The idea of using supermodularity as a robust stability criterion for Nash-
efficient mechanisms is not only based on its good theoretical properties, but also on
strong experimental evidence. In fact it is inspired by the experimental results of
Chen and Plott (1996) and Chen and Tang (1998), where they varied a punishment
parameter in the Groves-Ledyard mechanism in a set of experiments and obtained
totally different dynamic stability results.

In this paper, we review the main experimental findings on the dynamic stability
of Nash-efficient public goods mechanisms, examine the supermodularity of existing
Nash-efficient public goods mechanisms, and use the results to sort a class of experi-
mental findings.

Section 2 introduces the environment. Section 3 reviews the experimental results.
Section 4 discusses supermodular games. Section 5 investigates whether the existing
mechanisms are supermodular games. Section 6 concludes the paper.

2. A PUBLIC GOODS ENVIRONMENT

We first introduce notation and the economic environment. Most of the experimental
implementations of incentive-compatible mechanisms use a simple environment.
Usually there is one private good x, one public good y, and n ≥ 3 players, indexed by
subscript i. Production technology for the public good exhibits constant returns to
scale, i.e., the production function f (·) is given by y = f(ff x(( ) = x/b for some b > 0.
Preferences are largely restricted to the class of quasilinear preferences, except Harstad
and Marrese (1982) and Falkinger et al. (2000). Let E represent the set of transitive,E
complete and convex individual preference orderings, �i, and initial endowments,
ω x

i . We formally define E Q as follows.

DEFINITION 1. EQ = {(�i , ω x
i ) � E: �i is representable by a C2 utility function

of the form vi(y) + xi such that Dvi(y) > 0 and D2vi(y) < 0 for all y > 0, and ω x
i > 0},x

where Dk is the k kth order derivative.
Falkinger et al. (2000) use a quadratic environment in their experimental study of

the Falkinger mechanism. We define this environment as E QD.

DEFINITION 2. EQD = {(�i, ω x
i ) � E: �i is representable by a C2 utility function

of the form Ai xi − 1
2 Bixi

2 + y where Ai, Bi > 0 and ω x
i > 0}.x

An economic mechanism is defined as a non-cooperative game form played by
the agents. The game is described in its normal form. In all mechanisms considered
in this paper, the implementation concept used is Nash equilibrium. In the Nash imple-
mentation framework the agents are assumed to have complete information about
the environment while the designer does not know anything about the environment.

3. EXPERIMENTAL RESULTS

Seven experiments have been conducted with mechanisms having Pareto-optimal
Nash equilibria in public goods environments (see Chen (forthcoming) for a survey).
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Sometimes the data converged quickly to the Nash equilibria; other times it did not.
Smith (1979) studies a simplified version of the Groves-Ledyard mechanism which
balanced the budget only in equilibrium. In the five-subject treatment (R1) one out
of three sessions converged to the stage game Nash equilibrium. In the eight-subject
treatment (R2) neither session converged to the Nash equilibrium prediction. Harstad
and Marrese (1981) found that only three out of twelve sessions attained approxim-
ately Nash equilibrium outcomes under the simplified version of the Groves-Ledyard
mechanism. Harstad and Marrese (1982) studied the complete version of the Groves-
Ledyard mechanism in Cobb-Douglas economies. In the three-subject treatment one
out of five sessions converged to the Nash equilibrium. In the four-subject treatment
one out of four sessions converged to one of the Nash equilibria. Mori (1989)
compares the performance of a Lindahl process with the Groves-Ledyard mechan-
ism. He ran five sessions for each mechanism, with five subjects in each session. The
aggregate levels of public goods provided in each of the Groves-Ledyard sessions
were much closer to the Pareto optimal level than those provided using a Lindahl
process. At the individual level, each of the five sessions stopped within ten rounds
when every subject repeated the same messages. However, since individual mes-
sages must be in multiples of .25 while the equilibrium messages were not on the
grid, convergence to Nash equilibrium messages was approximate. None of the
above experiments studied the effects of the punishment parameter, which deter-
mines the magnitude of punishment if a player’s contribution deviates from the
mean of other players’ contributions, on the performance of the mechanism.

Chen and Plott (1996) first assessed the performance of the Groves-Ledyard
mechanism under different punishment parameters. Each group consisted of five
players with different preferences. They found that by varying the punishment para-
meter the dynamics and stability changed dramatically. This finding was replicated
by Chen and Tang (1998) with twenty-one independent sessions and a longer time
series (100 rounds) in an experiment designed to study the learning dynamics. Chen
and Tang (1998) also studied the Walker mechanism (Walker, 1981) in the same
economic environment.

Figure 1 presents the time series data from Chen and Tang (1998) for two out of
five types of players. The data for the remaining three types of players display very
similar patterns. Each type differ in their marginal utility for the public good. Each
graph presents the mean (the black dots), standard deviation (the error bars) and
stage game equilibria (the dashed lines) for each of the two different types averaged
over seven independent sessions for each mechanism. The two graphs in the first
column display the mean contribution (and standard deviation) for types 1 and 2
players under the Walker mechanism (hereafter Walker). The second column dis-
plays the average contributions for types 1 and 2 for the Groves-Ledyard mechan-
ism under a low punishment parameter (hereafter GL1). The third column displays
the same information for the Groves-Ledyard mechanism under a high punish-
ment parameter (hereafter GL100). From these graphs, it is apparent that all seven
sessions of the Groves-Ledyard mechanism under a high punishment parameter
converged3 very quickly to its stage game Nash equilibrium and remained stable,
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while the same mechanism did not converge under a low punishment parameter; the
Walker mechanism did not converge to its stage game Nash equilibrium either.

Because of its good dynamic properties, GL100 had far better performance than
GL1 and Walker, evaluated in terms of system efficiency, close to Pareto optimal
level of public goods provision, less violations of individual rationality constraints
and convergence to its stage game equilibrium. All these results are statistically
highly significant (Chen and Tang, 1998).

These results illustrate the importance to design mechanisms which not only
have good static properties, but also good dynamic stability properties like GL100.
Only when the dynamics lead to the convergence to the static equilibrium, can all
the nice static properties be realized.

Falkinger et al. (2000) study the Falkinger mechanism in a quasilinear as well as
a quadratic environment. In the quasilinear environment, the mean contributions
moved towards the Nash equilibrium level but did not quite reach the equilibrium.
In the quadratic environment the mean contribution level hovered around the Nash
equilibrium, even though none of the 23 sessions had a mean contribution level
exactly equal to the Nash equilibrium level in the last five rounds. Therefore, Nash
equilibrium was a good description of the average contribution pattern, although
individual players did not necessarily play the equilibrium.

In Section 5 we will provide a theoretical explanation for the above experimental
results in light of supermodular games.

4. SUPERMODULARITY AND STABILITY

We first define supermodular games and review their stability properties. Then we
discuss alternative stability criteria and their relationship with supermodularity.

Supermodular games are games in which each player’s marginal utility of in-
creasing her strategy rises with increases in her rival’s strategies, so that (roughly)
the player’s strategies are “strategic complements.” Supermodular games need an
order structure on strategy spaces, a weak continuity requirement on payoffs, and
complementarity between components of a player’s own strategies, in addition to
the above-mentioned strategic complementarity between players’ strategies. Suppose
each player i’s strategy set Si is a subset of a finite-dimensional Euclidean space Rki.
Then S ≡ ×n

i=1Si is a subset of Rk, where k = ∑ n
i=1ki.

DEFINITION 3. A supermodular game is such that, for each player i, Si is a non-
empty sublattice of Rki, ui is upper semi-continuous in si for fixed s−i and continuous in
s−i for fixed si, ui has increasing differences in (si,  s−i), and ui is supermodular in si.

Increasing differences says that an increase in the strategy of player i’s rivals
raises her marginal utility of playing a high strategy. The supermodularity assump-
tion ensures complementarity among components of a player’s own strategies. Note
that it is automatically satisfied when Si is one-dimensional. As the following theorem
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indicates supermodularity and increasing differences are easily characterized for
smooth functions in Rn.

THEOREM 1. (Topkis, 1978) Let ui be twice continuously differentiable on Si.
Then ui has increasing differences in (si,  sjs ) if and only if ∂2ui /∂sih∂sjls ≥ 0 for all
i ≠ j and all 1 ≤ h ≤ ki and all 1 ≤ l ≤ kjk ; and ui is supermodular in si if and only if
∂2ui /∂sih∂sil ≥ 0 for all i and all 1 ≤ h < l ≤ ki.

Supermodular games are of interest particularly because of their very robust
stability properties. Milgrom and Roberts (1990) proved that in these games the set
of learning algorithms consistent with adaptive learning converge to the set bounded
by the largest and the smallest Nash equilibrium strategy profiles. Intuitively, a
sequence is consistent with adaptive learning if players “eventually abandon strategies
that perform consistently badly in the sense that there exists some other strategy that
performs strictly and uniformly better against every combination of what the com-
petitors have played in the not too distant past.” (Milgrom and Roberts, 1990) This
includes a wide class of interesting learning dynamics, such as Bayesian learning,
fictitious play, adaptive learning, Cournot best-reply and many others.

Since experimental evidence suggests that individual players tend to adopt differ-
ent learning rules (El-Gamal and Grether, 1995), instead of using a specific learn-
ing algorithm to study stability, one can use supermodularity as a robust stability
criterion for games with a unique Nash equilibrium. For supermodular games with
a unique Nash equilibrium, we expect any adaptive learning algorithm to converge
to the unique Nash equilibrium, in particular, Cournot best-reply, fictitious play
and adaptive learning. Compared with stability analysis using Cournot best-reply
dynamics, supermodularity is much more robust and inclusive in the sense that it
implies stability under Cournot best-reply and many other learning dynamics men-
tioned above.

5. SUPERMODULARITY OF EXISTING NASH-EFFICIENT
PUBLIC GOODS MECHANISMS

In this section we investigate the supermodularity of five well-known Nash-efficient
public goods mechanisms. We use supermodularity to analyze the experimental
results on Nash-efficient public goods mechanisms.

The Groves-Ledyard mechanism (1977) is the first mechanism in a general equi-
librium setting whose Nash equilibrium is Pareto optimal. The mechanism allocates
private goods through the competitive markets and public goods through a govern-
ment allocation-taxation scheme that depends on information communicated to the
government by consumers regarding their preferences. Given the government scheme,
consumers find it in their best interest to reveal their true preferences for public
goods. The mechanism balances the budget both on and off the equilibrium path, but
it does not implement Lindahl allocations. Later on, more game forms have been
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discovered which implement Lindahl allocations in Nash equilibrium. These include
Hurwicz (1979), Walker (1981), Tian (1989), Kim (1993) and Peleg (1996).

DEFINITION 4. For the Groves-Ledyard mechanism, the strategy space of player
i is Si ⊂ R1 with generic element mi � Si . The outcome function of the public good
and the net cost share of the private good for player i are

Y m mk
k
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where γ > 0,γ n ≥ 3, µ− i = ∑j∑ ≠ imjm /(n − 1) is the mean of others’ messages, and
σ 2

−i = ∑ h≠ i(mh − µ−i)
2/(n − 2) is the squared standard error of the mean of others’

messages.

In the Groves-Ledyard mechanism each agent reports mi, the increment (or decre-
ment) of the public good player i would like to add to (or subtract from) the amounts
proposed by others. The planner sums up the individual contributions to get the total
amount of public good, Y, and taxes each individual based on her own message, andYY
the mean and sample variance of everyone else’s messages. Thus each individual’s
tax share is composed of three parts: the per capita cost of production, Y · Y b/n/ , plus
a positive multiple, γ /2, of the difference between her own message and the mean ofγ
others’ messages, (n − 1)/n// × (mi − µ−i)

2, and the sample variance of others’ mes-
sages, σ 2

− i. While the first two parts guarantee that Nash equilibria of the mechanism
are Pareto optimal, the last part insures that budget is balanced both on and off
the equilibrium path. Note that the free parameter, γ , determines the magnitude ofγ
punishment when an individual deviates from the mean of others’ messages. It does
not affect any of the static theoretical properties of the mechanism.

Chen and Plott (1996) and Chen and Tang (1998) found that the punishment
parameter, γ , had a significant effect in inducing convergence and dynamic stability.γ
For a large enough γ , the system converged to its stage game Nash equilibrium veryγ
quickly and remained stable; while under a small γ , the system did not convergeγ
to its stage game Nash equilibrium. In the following proposition, we provide a
necessary and sufficient condition for the mechanism to be a supermodular game
given quasilinear preferences, and thus to converge to its Nash equilibrium under a
wide class of learning dynamics.

PROPOSITION 1. The Groves-Ledyard mechanism is a supermodular game for

any e � E Q if and only if γ � [� −mini�N
∂
∂

2

2

v

y
i{ }n, +∞].

Proof: Since ui is C2 on Si, by Theorem 1, ui has increasing differences in (mi, m− i)
if and only if
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Therefore, when the punishment parameter is above the threshold, a large class
of interesting learning dynamics converge, which is consistent with the experimental
results. Intuitively, when the punishment parameter is sufficiently high, the incentive
for each agent to match the mean of other agents’ messages is also high. Therefore,
when other agents increase their contributions, agent i also wants to increase her
contribution to avoid the penalty. Thus the messages become strategic complements
and the game is transformed into a supermodular game. Muench and Walker (1983)
found a convergence condition for the Groves-Ledyard mechanism using Cournot
best-reply dynamics and parameterized quadratic preferences. This proposition gen-
eralizes their result to general quasilinear preferences and a much wider class of
learning dynamics.

Falkinger (1996) introduces a class of simple mechanisms. In this incentive
compatible mechanism for public goods, Nash equilibrium is Pareto optimal when
a parameter is chosen appropriately, i.e., when β = 1 − 1/n. However, it does not
implement Lindahl allocations and the existence of equilibrium can be delicate in
some environments.

DEFINITION 5. For the Falkinger (1996) mechanism, the strategy space of player
i is Si ⊂ R1 with generic element mi � Si. The outcome function of the public good
and the net cost share of the private good for player i are
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where β > 0.β

This tax-subsidy scheme works as follows: if an individual’s contribution is
above the average contribution of the others, she gets a subsidy of β for a marginal
increase in her contribution. If her contribution is below the average contribution of
others, she has to pay a tax whereby a marginal increase in her contribution reduces
her tax payment by β. If β β is chosen appropriately, Nash equilibrium of this mech-β
anism is Pareto efficient. Furthermore, it fully balances the budget both on and off
the equilibrium path.
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PROPOSITION 2. The Falkinger mechanism is a supermodular game for any
e � E QD if and only if β ≥ 1.

Proof: Since ui is C2 on Si, by Theorem 1, ui has increasing differences in (mi,  m− i)
if and only if
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which holds if and only if β ≥ 1. Q.E.D.

Since Pareto efficiency requires that β = 1 − 1/n, in a large economy, this will
produce a game which is close to being a supermodular game. It is interesting
to note that in the quadratic environment of Falkinger et al. (2000), the game is
very close to being a supermodular game: in the experiment β was set to 2/3. Theβ
results show the mean contribution level hovered around the Nash equilibrium, even
though none of the 23 sessions had a mean contribution level exactly equal to the
Nash equilibrium level in the last five rounds. Their results suggest that the con-
vergence in supermodular games might be a function of the degree of strategic
complementarity. That is, in games with a unique Nash equilibrium which can
induce supermodular games, such as the Groves-Ledyard mechanism for any e � EQ

and the Falkinger mechanism for any e � EQD, as the degree of strategic comple-
mentarity increases, we might observe more rapid convergence to its stage game
Nash equilibrium.

Three specific game forms implementing Lindahl allocations in Nash equilib-
rium have been introduced, Hurwicz (1979), Walker (1981), and Kim (1993). Since
Tian (1989) and Peleg (1996) do not have specific mechanisms, we will only inves-
tigate the supermodularity of these three mechanisms. All three improve on the
Groves-Ledyard mechanism in the sense that they all satisfy the individual ration-
ality constraint in equilibrium. While Hurwicz (1979) and Walker (1981) can be
shown to be unstable for any decentralized adjustment process in certain quadratic
environments (Kim, 1986), the Kim mechanism is stable under a gradient adjust-
ment process given quasilinear utility functions, which is a continuous time version
of the Cournot-Nash tâtonnement adjustment process. Whether the Kim mechanism
is stable under other decentralized learning processes is still an open question. Kim
(1986) has shown that for any game form implementing Lindahl allocations there
does not exist a decentralized adjustment process which ensures local stability of
Nash equilibria in certain classes of environments.

PROPOSITION 3. None of the Hurwicz (1979), Walker (1981) and Kim (1993)
mechanisms is a supermodular game for any e � E Q.

Proof: See Appendix. z
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The following observation organizes all experimental results on Nash-efficient
public goods mechanisms with available parameters by looking at whether they are
supermodular games. The design parameters used in Smith’s (1979) R1 treatment
and Harstad and Marrese (1981) are not available.

OBSERVATION 1. (1) None of the following experiments is a supermodular
game: the Groves-Ledyard mechanism studied in Smith’s (1979) R2 treatment,
Harstad and Marrese (1982), Mori (1989), Chen and Plott (1996)’s low γ treatment,γ
and Chen and Tang (1998)’s low γ treatment, the Walker mechanism in Chen andγ
Tang (1998), and the Falkinger mechanism in Falkinger et al. (2000).

(2) The Groves-Ledyard mechanism under the high γ in Chen and Plott (1996)γ
and Chen and Tang (1998) are both supermodular games.

Therefore, none of the existing experiments which did not converge is a
supermodular game, while those which did converge well are both supermodular
games.

Note that designing a mechanism as a supermodular game might require some
information on the part of the planner. For example, under the Groves-Ledyard
mechanism, when choosing parameters to induce supermodularity, the planner needs
to know the smallest second partial derivative of the players’ utility for public goods

in the society, i.e., min i �N

∂
∂

2

2

v

y
i , for all possible levels of the public good, y, which is

state-dependent information. In Nash implementation theory we usually assume that
the planner does not have any information about the players’ preferences. In that
case, even though there exist a set of stable mechanisms among a family of mechan-
isms, the planner does not have the information to choose the right one. Therefore,
in order to choose parameters to implement the stable set of mechanisms, the plan-
ner needs to have some information about the distribution of preferences and an
estimate about the possible range of public goods level. One possible way of obtain-
ing the information is through sampling (Gary-Bobo and Jaaidane, 2000). If the
requisite information is not available, then an alternative might be to use “approx-
imately” supermodular mechanisms, such as the Falkinger mechanism. In large econo-
mies when the planner selects β = 1 − 1/n to induce efficiency, the mechanism is
approximately supermodular.

6. CONCLUDING REMARKS

So far Nash implementation theory has mainly focused on establishing static pro-
perties of the equilibria. However, experimental evidence suggests that the funda-
mental question concerning any actual implementation of a specific mechanism is
whether decentralized dynamic learning processes will actually converge to one of
the equilibria promised by theory. Based on its attractive theoretical properties and
the supporting evidence for these properties in the experimental literature, we focus
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on supermodularity as a robust stability criterion for Nash-efficient public goods
mechanisms with a unique Nash equilibrium.

This paper demonstrates that given a quasilinear utility function the Groves-
Ledyard mechanism is a supermodular game if and only if the punishment parameter
is above a certain threshold while none of the Hurwicz, Walker and Kim mechan-
isms is a supermodular game. The Falkinger mechanism can be converted into a
supermodular game in a quadratic environment if the subsidy coefficient is at least
one. These results generalize a previous convergence result on the Groves-Ledyard
mechanism by Muench and Walker (1983). They are consistent with the experi-
mental findings of in Smith (1979), Harstad and Marrese (1982), Mori (1989), Chen
and Plott (1996), Chen and Tang (1998), and Falkinger et al. (2000).

Two aspects of the convergence and stability analysis in this paper warrant
attention. First, supermodularity is sufficient but not necessary for convergence to
hold. It is possible that a mechanism could fail supermodularity but still behaves
well on a class of adjustment dynamics, such as the Kim mechanism. Secondly, The
stability analysis in this paper, like other theoretical studies of the dynamic stability
of Nash mechanisms, have been mostly restricted to quasilinear utility functions. It
is desirable to extend the analysis to other more general environments. The maximal
domain of stable environments remains an open question.

Results in this paper suggest a new research agenda that systematically investigates
the role of supermodularity in learning and convergence to Nash equilibrium. Two
studies pioneer this new research agenda. Arifovic and Ledyard (2003) study the
Groves-Ledyard mechanism in the same environment as Chen and Tang (1998), but
use a much larger number of punishment parameters. Chen and Gazzale (forthcoming)
study learning and convergence in Varian’s (1994) compensation mechanism by
systematically varying a free parameter below, close to, at and beyond the threshold
of supermodularity to assess its effects on convergence. Findings from both studies
are consistent. First, supermodular and “near-supermodular” games converge sig-
nificantly better than those far below the threshold. Second, from a little below the
threshold to the threshold, the improvement is statistically insignificant. Third, within
the class of supermodular games, increasing the parameter far beyond the threshold
does not significantly improve convergence. The robustness of these findings should
be further investigated in future experiments in other games, for example, the Falkinger
mechanism, as well as games outside the public goods domain.

ACKNOWLEDGMENT

I thank John Ledyard, David Roth and Tatsuyoshi Saijo for discussions that lead to
this project; Klaus Abbink, Beth Allen, Rachel Croson, Roger Gordon, Elisabeth
Hoffman, Matthew Jackson, Wolfgang Lorenzon, Laura Razzolini, Sara Solnick,
Tayfun Sönmez, William Thomson, Lise Vesterlund, Xavier Vives, seminar particip-
ants in Bonn, Hamburg, Michigan, Minnesota, Pittsburgh, Purdue, and participants
of the 1997 North America Econometric Society Summer Meetings (Pasadena, CA),
the 1997 Economic Science Association meetings (Tucson, AZ), the 1998 Midwest



DYNAMIC SC TABILITY OF NF ASHNN -EFFICIENTEE PT UBLIC GC OODS MS ECHANISMSMM 197

Economic Theory meetings (Ann Arbor, MI) and the 1999 NBER Decentralization
Conference (New York, NY) for their comments and suggestions. The hospitality of
the Wirtschaftspolitische Abteilung at the University of Bonn, the research support
provided by Deutsche Forschungsgemeinschaft through SFB303 at the University
of Bonn and NSF grant SBR-9805586 are gratefully acknowledged. Any remaining
errors are my own.

NOTES

1 A Lindahl equilibrium for the public goods economy is characterized by a set of personalized prices and
an allocation such that utility and profit maximization and feasibility conditions are satisfied. As each
consumer’s consumption of the public good is a distinct commodity with its own market, externalities
are eliminated. Thus, a Lindahl equilibrium is Pareto efficient. See, e.g., Milleron (1972).

2 Note that the adaptive learning defined by Milgrom and Roberts (1990) does not include the simple
reinforcement learning model of Roth and Erev (1995). It includes a subset of the EWA learning
models (Camerer and Ho, 1999) for certain parameter combinations.

3 “Theoretically, convergence implies that no deviation will ever be observed once the system equili-
brates. In an experimental setting with long iterations, even after the system equilibrates, subjects
sometimes experiment by occasional deviation. Therefore, it is necessary to have some behavioral
definition of convergence: a system converges to an equilibrium at round t, if xi(s) = xe

i, ∀i and ∀s ≥ t,
except for a maximum of n rounds of deviation for s > t, where n is small. For our experiments of 100
rounds, we let n ≤ 5, i.e., there could be a total of up to 5 rounds of experimentation or mistakes after
the system converged.” (Chen and Tang, 1998).
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APPENDIX

Before proving Proposition 3, we first define the three mechanisms. All three mech-
anisms require that the number of players be at least three, i.e., n ≥ 3.

DEFINITION 6. For the Hurwicz (1979) mechanism, the strategy space of player
i is Si ⊂ R2 with generic element (pi,  yi) � Si. The outcome function of the public
good and the net cost share of the private good for player i are

Y y
y
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kk( ) y ,
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Ti
H( p, y) = Ri ⋅ Y(YY y) + pi ⋅ ( yi − yi+1) − pi+1(yi+1 − yi+2)

2,

where Ri =
1

n
+ pi+1 − pi+2.

DEFINITION 7. For the Walker (1981) mechanism, the strategy space of player
i is Si ⊂ R1 with generic element mi � Si. The outcome function of the public good
and the net cost share of the private good for player i are
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DEFINITION 8. For the Kim (1993) mechanism, the strategy space of player i is
Si ⊂ R2 with generic element (mi, zi) � Si. The outcome function of the public good
and the net cost share of the private good for player i are
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Proof of Proposition 3:
(1) To show that the Hurwicz mechanism is not a supermodular game for any
e � E Q, it suffices to show that the payoff function, u i, does not have increasing
difference in (yi,  y− i).
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Since ui(p, y) = vi(y) + ω i − Ti
H, we have
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By Theorem 1, ui does not have increasing difference in ( yi, y− i).

(2) To show that the Walker mechanism is not a supermodular game for any
e � E Q, it suffices to show that the payoff function, ui , does not have increasing
difference in (mi, m− i):
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By Theorem 1, ui does not have increasing difference in (mi , m− i).

(3) To show that the Kim mechanism is not a supermodular game for any e � E Q,
it suffices to show that the payoff function, ui, does not have increasing difference
in (mi , z− i):
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By Theorem 1, ui , does not have increasing difference in (mi , z− i). Q.E.D.
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ENTRY TIMES IN QUEUES WITH ENDOGENOUS
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Abstract

This chapter considers arrival time and staying out decisions in several variants of
a queueing game characterized by endogenously determined arrival times, simult-
aneous play, finite populations of symmetric players, discrete strategy spaces, and
fixed starting and closing times of the service facility. Experimental results show
1) consistent patterns of behavior on the aggregate level in all the conditions that
are accounted for quite well by the symmetric mixed-strategy equilibrium of the
stage game, 2) considerable individual differences in arrival time distributions that
defy classification, and 3) learning trends across iterations of the stage queueing
game in some of the experimental conditions. We propose and subsequently test a
simple reinforcement-based learning model that, with a few exceptions, accounts for
these major findings.

Keywords: Queueing, Endogenous Arrivals, Equilibrium Analysis, Experimentation
JEL Classification: C72, C92

1. INTRODUCTION

In two recent experiments, Rapoport, Stein, Parco, and Seale (RSPS, in press) and
Seale, Parco, Stein, and Rapoport (SPSR, 2003) have studied arrival time and

© 2005 Springer. Printed in the Netherlands. 
A. Rapoport and R. d Zwick (e(( ds.), Experimental Business Research, Vol. II, 201–221.
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staying out decisions in a class of queueing problems with endogenously determined
arrival times, a finite and commonly known calling population of players (n = 20 in
both experiments), discrete strategy spaces, and fixed starting and closing time of the
service facility. Focusing on transient behavior, these problems differ from the ones
typically studied in queueing theory that assume continuous strategy spaces, steady-
state behavior, and exogenously determined arrival times (but see Hassin & Haviv,
2003; Lariviere & Mieghem, 2003). The objective of each player in the queueing
problems studied by RSPS and SPSR is to maximize her expected payoff by com-
pleting service while minimizing her waiting time in the queue. Formulating these
queueing problems as complete information, non-cooperative games in strategic
form, RSPS and subsequently SPSR constructed a Markov chain algorithm to com-
pute symmetric mixed-strategy equilibrium solutions to the queueing games. Imple-
menting a repeated game design, they then assessed the descriptive power of these
solutions in several variants of the game. These variants differ from one another on
three dimensions: 1) whether arrivals before the starting time of the service facility
are allowed; 2) whether all the n players can complete their service with no waiting
in line; and 3) whether at the end of each stage game (trial) players only receive
private information about their own outcome or public information about the decisions
and payoffs of all the n players.

Using several statistics to compare observed to equilibrium (predicted) behavior
(e.g., mean payoffs, distribution of arrival times, distribution of interarrival times,
distribution of waiting times in the queue), RSPS and SPSR reported three major
findings. First, with one exception that we discuss later, they reported consistent
patterns of behavior on the aggregate level that can be accounted for remarkably
well by the symmetric mixed-strategy equilibrium. Second, they observed consider-
able individual differences in arrival time and staying out decisions that defied
classification. Most subjects often switched their decisions from trial to trial but
definitely not in a manner consistent with equilibrium play. Third, they reported
learning trends across trials that strongly depended on the dimensions mentioned
above. In particular, when the parameter values of the game were so selected that
all the n players could, in principle, complete service without waiting in line (and,
consequently, maximize their individual payoffs), there was only very weak evid-
ence for learning across trials regardless of the nature of the outcome feedback
(private vs. group) that was provided at the end of each trial. When the parameter
values were selected so that in equilibrium a substantial fraction of the players
should stay out on each trial, learning depended on the nature of the outcome
feedback. If each player was informed at the end of each trial of the decisions
(staying out or arrival time) and payoffs of all the n players, then SPSR reported
strong evidence of learning in the direction of equilibrium play with most players
first receiving negative payoffs because of congestion (not enough players staying
out) and then gradually approaching equilibrium play by increasing the frequency of
staying out decisions. If each player was only informed of his own decision and
payoff, learning did not take place and most of the players ended up deep in the
negative payoff domain.
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The major purpose of the present paper is to explain and reconcile these three
major findings. Focusing on the dynamics of play, we present and then test a simple
model in an attempt to explain 1) how the aggregation of individual arrival time
distributions that differ considerably from one another results in replicable patterns
that are accounted for by the symmetric mixed-strategy equilibrium, and 2) how
outcome information (private vs. public) affects learning when the service facility
cannot accommodate all the members of the calling population between its starting
and closing times. Although the analyses that we present below mostly focus on the
individual and aggregate distributions of arrival time (that also include the decision
to stay out of the queue), we also comment on the distribution of frequency of
switching the decision from one trial to another and the distribution of the magnitude
of such switches.

The rest of the chapter is organized as follows. Section 2 states the assumptions
of the queueing game and illustrates it with an example. Section 3 describes the
mixed-strategy equilibrium distributions of arrival time for the three variants of the
queueing game studied by RSPS and SPSR, and then compares them to observed
aggregate distributions. Selected individual distributions of arrival time are also
presented both to illustrate the differences among members of the same popula-
tion and the failure of the mixed-strategy equilibrium to account for individual
behavior. Section 4 describes a simple reinforcement-type learning model and the
estimation of its parameters. Section 5 contains a discussion of the model’s success
or failure in accounting for the three major findings mentioned above. Section 6
concludes.

2. THE QUEUEING GAME WITH ENDOGENOUS ARRIVAL TIME

The queueing game is characterized by a 6-tuple (n, d, c, r, g, T ), where n is the
number of players and d is the (fixed) time required to serve a single player (samed
for all n players). There are three payoff parameters, namely, c, r, and g: c is the per
unit waiting cost, r is the payoff for completing service, and r g is the payoff for
staying out of the queue. T + 1 is the number of entry periods (pure strategies).
For example, if the service facility is open for exactly two hours and entry time
is measured in minutes, then there are T + 1 = 121 possible entry times.

The following assumptions characterize the game. The service facility opens at
ToTT and closes at TeTT . Arrivals are made in discrete time units (single minutes is RSPS
and 5 minute intervals in SPSR). Decisions are made simultaneously and anony-
mously. Thus, at the beginning of each trial, each player must decide whether to
enter the queue. If she decides to do so, she must specify her time of arrival (e.g.,
8:01, 8:02, . . . in RSPS). If m players happen to arrive at the same time, 2 ≤ m ≤ n,
then their order of arrival is determined randomly with equal probability 1/m// . Balk-
ing (not entering the queue upon arrival) and reneging (departing the queue after
arrival and before service commences) are prohibited. One implication of the latter
rule is that players cannot leave the queue even if they know with certainty that
service will not be provided. Early arrivals before time ToTT may (SPSR) or may not
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(RSPS) be allowed. Service time for each player, d, is fixed, and the queue discipline
is FIFO. There is a single server, a single service stage, and no limit on the queue
length. Because the decisions are made simultaneously, players cannot observe the
state of the queue before making their decisions. Finally, the payoff function – the
same for all n players – is given by
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where wi is the time spent in the queue until service commences. No waiting cost is
charged for the time (d) spent being served. RSPS and SPSR make the natural
assumptions: r > g, r > c, and c > 0. The values of ToTT , TeTT and d, as well as the values
of the waiting times wi, are measured in commensurate units. The three payoff
parameters c, r, and g, the population size n, and the opening and closing times ToTT
and TeTT are assumed to be commonly known. For a discussion of the assumptions and
their justification see RSPS and SPSR.

Example Table 1 provides an example that illustrates the queueing game and the
computation of the individual payoffs. (See the subject instructions in the Appendix
of RSPS for a similar example.) The parameter values for this example are n = 20,
d = 45, ToTT = 8:00, TeTT = 18:00, c = 1, r = 100, and g = 15. The same parameter values
are used in two of the four conditions in SPSR (see below). Players are restricted to
arrive at 5-minute time intervals, and early arrivals (before ToTT ) are allowed. Payoffs
are in pennies.

Columns 1 and 2 of Table 1 present the player number (an integer from 1 to 20)
and the players’ decisions. In this example, 16 of the 20 players opted to enter (at
possibly different times), and 4 players (6, 16, 11 and 4, who are listed at the
bottom) decided to stay out. Players 13, 3, and 18 arrived at 7:05, 7:25, and 7:30,
before the opening time ToTT , and had to wait in line 55, 80, and 120 minutes, respect-
ively. All three completed service. Players 15 and 1 arrived at exactly 8:00, and the
two-player tie was resolved in favor of player 15 (who still had to wait 45 × 3 = 135
minutes until players 13, 3, and 18 completed service). Player 14 arrived at 14:55 and
was served immediately with no delay. Although players 2, 17, and 7 arrived more
than 45 minutes before closing time, none of them received service. Of the twenty
players in this example, eight lost money. Total system idle time was 25 minutes,
from 14:45 to 14:55 and from 17:45 to 18:00. Columns 3, 4, and 5 present the
beginning of the service time, the waiting time (in minutes), and the waiting costs.
The reward (that could assume one of the three values r, 0, or g) is presented in
column 6, and the payoff is shown in the right-hand column.
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Table 1. Example of a Queueing Game when Early Arrivals are Possible (d = 45)

Player Decision Service Waiting Waiting Reward Payoff
Starts at Time Cost

13 Arrive: 7:05 8:00 55 $0.55 $1.00 $0.45

3 Arrive: 7:25 8:45 80 0.80 1.00 0.20

18 Arrive: 7:30 9:30 120 1.20 1.00 −0.20

15 Arrive: 8:00 10:15 135 1.35 1.00 −0.35

1 Arrive: 8:00 11:00 180 1.80 1.00 −0.80

5 Arrive: 8:45 11:45 180 1.80 1.00 −0.80

20 Arrive: 10:00 12:30 150 1.50 1.00 −0.50

10 Arrive: 12:10 13:15 65 0.65 1.00 0.35

8 Arrive: 13:45 14:00 15 0.15 1.00 0.85

14 Arrive: 14:55 14:55 0 0 1.00 1.00

9 Arrive: 15:00 1:40 40 0.40 1.00 0.60

12 Arrive: 15:00 16:25 85 0.85 1.00 0.15

19 Arrive: 15:30 17:10 100 1.00 1.00 0

2 Arrive: 16:25 NA 100 1.00 0 −1.00

17 Arrive: 17:00 NA 85 0.85 0 −0.85

7 Arrive: 17:00 NA 60 0.60 0 −0.60

6 Stay out None 0 0 0.15 0.15

16 Stay out None 0 0 0.15 0.15

11 Stay out None 0 0 0.15 0.15

4 Stay out None 0 0 0.15 0.15
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3. PREDICTED AND OBSERVED RESULTS

3.1. Experimental Conditions

RSPS and SPSR together conducted three different experimental conditions that
differ from one another in one or more parameters or assumptions. These conditions
are described below. In all three conditions n = 20 and the number of iterations of
the stage game is 75. All the experiments are computer-controlled.

Condition 1 (RSPS). ToTT = 8:00, TeTT = 18:00, d = 30, c = 1, r = 60, and g = 0. Time is
measured in single minute intervals, and early arrivals are prohibited. This para-
meterization gives rise to 601 possible entry times, namely 8:00, 8:01, . . . , 18:00,
and another decision of staying out. Information is private. In particular, at the
end of each trial each player is reminnded of her decision (arrival time or staying
out); number of players tied at her arrival time, if any; and the outcome of the
tie-breaking rule; her queue waiting time (wi); her payoff for the trial (HiHH ); and her
cumulative payoff from the beginning of the session. We refer to this information
condition as Private Outcome Information.

Condition 2 (SPSR). ToTT = 8:00, TeTT = 18:00, d = 30, c = 1, r = 100, g = 15. Time is
measured in 5-minute intervals, and early arrivals are allowed. To limit the strategy
space, players are not allowed to enter the queue before 6:00. In fact, this requirement
imposes no practical limitation. This parameterization gives rise to 145 possible
entry times, namely, 6:00, 6:05, . . . , 18:00 and an additional pure strategy of stay-
ing out.

Condition 2 was further divided into two sub-conditions, namely Condition 2P
and Condition 2G, in terms of the information provided to the player at the end
of each trial. Condition 2P included Private Outcome Information. Condition 2G
included Group Outcome Information which consisted, in addition to the Private
Outcome Information, of complete information about the 1) arrival times and staying
out decisions, 2) service starting time, and 3) individual payoffs for all the n players
in the session. This was accomplished by presenting a computer “Results” screen at
the end of each trial that consisted of a 20 × 3 matrix with rows corresponding to the
twenty players arranged in terms of the time of their arrival (staying out decisions
were placed at the bottom rows), and three columns corresponding to the player’s
decision (arrival time or staying out), starting time of service, and individual payoff
for the trial (see Appendix in SPSR for details).

Condition 3 (SPSR). Condition 3 used the same parameter values as Condition 2
with the only exception that d = 45 minutes. It, too, was further divided into two
sub-conditions, Condition 3P and Condition 3G that incorporated the Private and
Group Outcome Information, respectively. Note that if d = 30 (Conditions 1 and 2),
all the n players can complete service without waiting if they arrive at 30 minute
intervals starting exactly at 8:00. In contrast, only 13 of the 20 players can complete
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service in Condition 3 without waiting in the queue, if they arrive at 45 minute
intervals starting at exactly 8:00 (8:00, 8:45, . . . , 17:00), whereas the remaining 7
players have to stay out. As we show below, this difference in service time and
whether or not early arrivals are allowed strongly affect the mixed-strategy equilibria
for these three experimental conditions.

3.2. Method

Subjects. Condition 1 included four groups of n = 20 members each, whereas Con-
ditions 2P, 2G, 3P, and 3G each included two groups of n = 20 players for a total
of 12 groups (240 subjects) across conditions. With the exception of Group 4 in
Condition 1, all the subjects were University of Arizona students, mostly under-
graduates, who volunteered to participate in a decision making experiment for pay-
off contingent on performance. Males and females participated in almost equal
proportions. Group 4 in Condition 1 included twenty “sophisticated” subjects who
participated in a summer workshop on experimental economics that was conducted
at the University of Arizona. Members of this group were graduate students and
post-doctoral fellows of economics with a keen interest in experimental economics
and solid background in game theory. Individual payoff ranged considerably, depend-
ing on the experimental condition, from $15.00 to $53.24. The conversion rate of
the fictitious currency (called “francs”) used in the experiment was doubled for the
“sophisticated” subjects in Group 4 of Condition 1.

Procedure. Details of the experimental procedure appear in RSPS and SPSR and
will not be repeated here. Basically, in all three conditions the queueing game was
presented as an emissions control scenario with a fixed and commonly known number
of car owners, a station whose opening and closing times are fixed and commonly
known, fixed service time per customer, and a common payoff structure (see above).
At the beginning of the session, each subject was provided with an endowment of
1,000 francs. Francs earned during each trial were added or subtracted from this
endowment. At the end of the session, the cumulative payoff in francs was converted
to US dollars (100 francs = US$1.00). Subjects who ended the session losing their
entire endowment were only paid their show-up fee. Subjects were paid individually
and dismissed.

Equilibrium Analysis. Each of the queueing games in Conditions 1 and 2 has n!
equilibria in pure strategies, where players arrive at 30 minute intervals starting
at 8:00. Under pure strategy equilibrium play, each player has zero waiting time
with an associated payoff of r. Technically, these are coordination games with
n! pure-strategy equilibria that are not Pareto-rankable and do not depend on the
reward to cost ratio r/c. Without pre-play communication, coordination on any one
pure strategy equilibrium is practically impossible due the large size of the group
even under multiple iterations of the stage game. The queueing game in Condition 3
has multiple asymmetric pure-strategy equilibria where 13 players enter the queue
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(with at least 45 minute intervals between consecutive arrivals and, consequently, no
waiting time) and 7 players staying out. Again, it is highly unlikely that the twenty
players could coordinate on any particular equilibrium, even in Condition 3G, with-
out pre-play communication.

Each of the three queueing games in Conditions 1, 2, and 3 has a symmetric
mixed-strategy equilibrium solution. The Appendix of RSPS contains a detailed
description of the computational method used to construct these solutions. Essen-
tially, it consists of specifying the state space, the transitional probabilities of the
stochastic process that governs the queue progression, and the iterative procedure
to compute the arrival times and staying out decisions under mixed-strategy play.
Figs. 1, 2, and 3 display the equilibrium solutions for the three games in Conditions
1, 2, and 3, respectively.

Several features of the equilibrium solutions warrant discussion. In the solution
for Condition 1 (Fig. 1), players join the queue at the earliest possible time of 8:00
(t = 0) with probability 0.211 and stay out with probability 0.060. They should never
join the queue between 8:01 and 9:03, and then join the queue with positive prob-
abilities until 17:30 (t = 570). Because g = 0 in Condition 1, the expected payoff
under this equilibrium is clearly zero. In the equilibrium solution for Condition 2
(Fig. 2), players should always enter the queue starting at 6:35 and ending at 17:30.
The expected payoff under equilibrium play is 18.35 > g = 15. In contrast, the
equilibrium solution for Condition 3 displays a very different pattern. The probabil-
ity of staying out is 0.4096, implying that, on average, 8.2 players out of 20 should
stay out on each trial. The expected value is clearly g = 15.
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Figure 1. Symmetric mixed-strategy equilibrium of arrival times for Condition 1.
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The probability of staying out is 0.4096

All three figures exhibit the periodicity of the solution that has also been reported
in solving for the equilibria of games with smaller strategy spaces and smaller
number of players. For example, in Fig. 2 players should arrive at the queue at 6:40,
6:50, . . . , 8:00 with probability 0.0058 and at the intermediate times 6:45, 6:55, . . . ,
7:55 with probability 0.0118, which is twice as large. In Fig. 3, players should enter

Figure 2. Symmetric mixed-strategy equilibrium of arrival times for Condition 2.

Figure 3. Symmetric mixed-strategy equilibrium of arrival times for Condition 3.
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the queue at times 6:40, 6:50, . . . , 8:00 with probability 0.0117 and stay out at
intermediate times 6:45, 6:55, . . . , 8:05. This periodicity is due to a combination of
the discretization of the strategy space, fixed service time, and fixed opening (ToTT )
and closing times (TeTT ).

3.3. Results

Observed Arrival Time Distributions: Aggregate Results. Using several different
statistics, RSPS reported no significant differences among the four groups in Con-
dition 1. In particular, although the “sophisticated” subjects in Group 4 were paid
twice as much as the other subjects (and took about twice as much time to complete
the session), their results did not differ from those of the other three groups. There-
fore, the results of all four groups were combined (4 × 20 × 75 = 6000 observations).
Fig. 4 displays the observed and predicted (equilibrium) cumulative probability
distributions of arrival time (staying out decisions are treated as arrivals at time
18:00). The statistical comparison of observed and predicted arrival time distribu-
tions is problematic because of the dependencies between and within players. Strictly
speaking, the group is the unit of analysis, resulting in only four degrees of freedom
for the statistical comparison. The one-sample two-tailed Kolmogorov-Smirnov
(K-S) test (df = 4) could not reject the null hypothesis of no difference between

Figure 4. Observed and predicted distribution of arrival time and staying out decisions in
Condition 1.
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the observed and predicted distributions of arrival time. Assuming independence
between (but not within) subjects yielded df = 80. But even with this considerably
more conservative test, the same null hypothesis could not be rejected (p > 0.05). RSPS
detected three minor discrepancies between observed and predicted probabilities of
arrival time in all four groups (see Fig. 4): 1) the observed proportion of arriving at
exactly 8:00 was smaller (by 0.02) than predicted; 2) the observed proportion of
arriving between 8:01 and 9:03 was 0.031 compared to the theoretical value of zero;
3) the proportion of staying out was smaller than predicted. A more detailed analysis
that broke the 75 trials into three blocks of 25 trials each shows that the first two
discrepancies decreased across blocks in the direction of equilibrium play.

SPSR similarly reported no significant differences between the two groups in
Condition 2G. Of the four tests used in this comparison, two yielded statistical
differences between the two groups in Condition 2P. Nevertheless, the results were
also combined across these two groups. Using the same format as Fig. 4, Fig. 5
exhibits the observed and predicted cumulative distributions of arrival time for Con-
dition 2P (upper panel) and Condition 2G (lower panel). Similarly to Condition 1,
the K-S test could not reject the null hypothesis of no difference between the
observed and predicted distributions of arrival time (D = 0.059 for Condition 2G,

Figure 5. Observed and predicted distribution of arrival time and staying out decisions in
Condition 2.
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and D = 0.069 for Condition 2P; n = 40 and p > 0.05 in each case) even under the
conservative assumption of independence between subjects. Notwithstanding these
results, Fig. 5 shows two minor but systematic discrepancies between observed and
predicted distributions of arrival time: 1) the observed proportion of entry before
7:35 was smaller than predicted; 2) approximately 4% of all the decisions were to
stay out compared to 0% under equilibrium play. A more detailed analysis that
breaks the 75 trials into three blocks shows that the former discrepancy decreased
across trials but the latter did not. Analyses of individual data show that a few
subjects stayed out on 6 or more (out of 75) trials either in an attempt to take time to
consider their future decisions or to increase their cumulative payoff (by g) after a
sequence of losses.

Turning next to Condition 3, SPSR also reported no significant differences
between the two groups in Condition 3G and no significant differences between the
two groups in Condition 3P. The two groups in each of these two conditions were
separately combined to compute the aggregate distributions of arrival times. Fig. 6
portrays the observed and predicted cumulative distributions of arrival time for
Condition 3P (upper panel) and 3G (lower panel). The K-S test once again could not
reject the null hypothesis of no differences between the two distributions (D = 0.061

Figure 6. Observed and predicted distribution of arrival time and staying out decisions in
Condition 3.
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and D = 0.121 for Conditions 3G and 3P, respectively; n = 40 and p > 0.05 in each
case). Nevertheless, the upper panel shows that subjects in Condition 3P did not stay
out as frequently as predicted. A further analysis that focuses on the staying out
decisions shows that the percentage of staying out decisions in Condition 3G stead-
ily increased from 30% in trials 1–25 through 35.5% in trials 26–50 to 40.5% in
trials 51–75. Compare the latter percentage to the equilibrium percentage of 40.96%.
In contrast, there was no evidence for learning across blocks of trials in Condition
3P. As the subjects in Condition 3P received no information on the number of
subjects staying out on any given trial, they had no way of determining whether their
payoff for the trial – which was typically negative – was due to a poor choice of
entry time or insufficient number of staying out decisions. This was not the case in
Condition 3G, where Group Outcome Information was provided. Subjects in Condi-
tion 3G, who often lost money on the early trials, used this information to slowly
recover their losses by having more (but not necessarily the same) subjects staying
out on each trial. In contrast, most of the subjects in Condition 3P entered the queue
more frequently than predicted and consequently almost never recovered their losses.

Observed Arrival Time Distributions: Individual Results. In contrast to the aggregate
distributions of arrival time that show remarkable consistency across groups and
are accounted for quite well by the equilibrium solution, the individual distributions
of arrival time differ considerably from one another, show no support for mixed-
strategy equilibrium play, and defy a simple classification. One representative group
– Group 1 of Condition 1 – was selected to illustrate the contrast between the
consistent patterns of arrival on the aggregate level and heterogeneous patterns of
arrival on the individual level. Fig. 7 exhibits the individual arrival times of all the
20 subjects in Group 1 of Condition 1. We have opted to display the arrival times by
trial rather than combine them into frequency distributions. Thus, the horizontal axis
in each individual display counts the trial number from 1 through 75, and the vertical
axis shows the arrival time on a scale from 6:00 (bottom) to 18:00 (top). A short
vertical line that extends below the horizontal axis (i.e., below 0) indicates no entry.
We observe that Subject 5 (first from left on row 2), after switching her entry time,
entered at 8:00 on all trials after trial 25. In contrast, Subject 13 (first from left on
row 4) never entered the queue at 8:00. Subject 9 (first from left on row 3) stayed
out on 10 of the 75 trials, whereas Subjects 1, 2, 5, 6, 7, 8, 11, 13, 14, 17, and 18
never stayed out. Most of the staying out decisions is due to Subjects 9 and 15.

4. QUEUING LEARNING MODEL: DESCRIPTION AND
PARAMETER ESTIMATION

Alternative approaches have been proposed to account for learning in games (see,
e.g., Camerer, 2003 for an excellent review). They include evolutionary dynamics,
various forms of reinforcement learning (McAllister, 1991; Roth & Erev, 1995;
Sarin & Vahid, 2001), belief learning (Cheung & Friedman 1997; Fudenberg &
Levine, 1998), learning direction theory (Selten & Stocker, 1986), Bayesian learning
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Figure 7. Individual decisions of all twenty subjects in Group 1 of Condition 1.

(Jordan, 1991), experience-weighted attraction (EWA) learning (Camerer & Ho,
1999), and rule learning (Stahl, 1996). Without making additional assumptions,
these models are not directly applicable to our data.1 We report below a simple
learning model, which was constructed to account for the individual and aggregate
patterns of our data reported above. This is clearly an ad-hoc model that does not
have the generality of the approaches to learning mentioned above.

Basic Assumptions. The learning model uses a simple reinforcement learning
mechanism to update arrival times based on historical play. It is derived from two
primitive assumptions:

• Decisions to enter the queue are based on previous payoffs: as the agent’s payoff
on trial t − 1 decreases, the agent is less likely to enter the queue.

• Once an agent has decided to enter the queue on trial t, its entry time is based on
its entry times and payoffs on previous trials.

Both of these assumptions are consistent with the experimental data. Next, we
describe a formal model that is derived from these assumptions.
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Sketch of the Learning Model. The intuition underlying our learning algorithm is
quite simple. On each trial t, the agent makes a decision either to enter the queue or
not. If her payoff on trial t − 1 is high, then the agent enters with a higher probability
than if the payoff was low. Put differently, the agents are more likely to stay out oft
the queue on a given trial if they did poorly on the previous trial. The agent’s
decision regarding when to enter the queue (conditional on her decision to enter) is
based on her past decisions and the payoffs associated with those decisions. If an
agent enters the queue at trial t − 1 and receives a good payoff, then she is likely to
enter around that time again on trial t; on the other hand, if the agent receives a poor
payoff for that entry time, then she is likely to change her entry time by quite a bit.
Furthermore, if an increase (decrease) in arrival time consistently yields higher
payoffs, then the agent is going to consistently increase (decrease) her arrival time.
Increases (decreases) in arrival time that lead to poorer payoffs will cause the agent
to decrease (increase) her arrival time. These learning mechanisms are formally
specified in the following section.

Formal Specification of the Learning Model. Denote the entry time and payoff of
agent i on trial t by t A t

i and π t
i, respectively. If the queue is entered, then with

probability 1 − ε entry times on the next trial are based on the following motionε
equations:
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and

η i
t = 1 − exp[τ i(π i

t−1 − r)]. (3)

With probability ε , A i
t is sampled from a uniform probability distribution on thei
t

interval [ToTT − TminTT , TeTT − d]. (Without this “error” probability, the model produces
individual subject results quite inconsistent with the individual subject experimental
results.) The parameter β i (0 < β i < 1) denotes the agent’s learning rate, TminTT is the
earliest time the agent can enter the queue, τ i is the agent’s payoff sensitivity, and
r is the payoff for completing service.r

As for trial 1, by assumption Ai
1 is sampled from a uniform discrete probability

distribution defined on the interval [ToTT − TminTT , TeTT − d ], δ i
t (t = 1, 2) are sampled

independently and with equal probability from the set {−1, +1}, and π i
0 is sampled
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with uniform probability from [0, r]. This initialization is conducted independently
for each agent i. If the queue is not entered on trial t, then A i

t = A i
t−1. Thus, queue

arrival time updates are always based on the most recently updated arrival time;
arrival times are not updated during periods in which the agent does not enter
the queue.

Decisions to enter the queue are made probabilistically; specifically, in the absence
of group information (Conditions 1, 2P, and 3P), the probability of agent i entering
the queue on trial t is given byt

pt
i = exp[λiλλ (π i

t−1 − r) ]. (4)

The parameter λiλλ > 0 is the agent’s entry propensity. Note that as λiλλ  approaches 0,
the agent’s entry probability goes to 1; and as λiλλ goes to infinity, the entry probabil-
ity goes to 0 (when, of course, π i

t < r). The probability expressed in Eq. 4 is
transformed in the Group Information Conditions (2G and 3G) as follows:
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where ncap denotes the queue capacity. In Conditions 2 and 3, ncap = 20 and ncap = 13,
respectively. The actual number of agents entering the queue on trial t is denotedt
by nt. According to Eq. 5, entry probabilities are increased if the queue has too few
entrants on the previous trial and are decreased if it has too many. The magnitude of
the adjustment is determined by the parameter 0 < αi < 1.

Model Parameter Estimation. To test the model’s ability to capture the important
properties of the experimental data, we first found best fitting parameters for the
model using a grid search (brute force) algorithm. Goodness of fit was estimated by
comparing the model’s arrival time distributions to those from the experimental
subjects.

Let CT denote the proportion of arrival times less than or equal to T T. Model fitTT
was measured as the root-mean-square deviation of the model arrival time distribu-
tion from the subject’s arrival time distribution:
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where CM are the learning model cumulative arrival times and M CD are those of the
experimental subjects. The proportion of non-entries is given by 1 − CTeT . Thus,
optimal fitting involves finding the vector V = (a, b, τ, λ, α) such that α RMSD is
minimized, where a and b are the parameters of the beta distribution B(a, b) from
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which the β i are independently sampled for each simulated subject i. In the results
reported here, for all simulated agents we assume that τ i = τ for all τ i (i = 1, . . . , N),
and likewise for λiλλ and α i. (A study of the model output suggested that allowing β i

to be a random variable, while making all other model parameters constant, was
necessary to capture important properties of the experimental results. Allowing for
all of the parameters to be random variables simply introduces too many parameters
(as the distribution of random variables must be parameterized, which, in the case
of, say, a beta distribution, introduces two distribution parameters for a single
model parameter). It is our contention that the model results support this approach.)
Since the agents only receive private information in Conditions 1, 2P, and 3P,
α is constrained to equal 1 in these conditions. We fixed α ε to be equal to 0.10ε
when we estimated all other parameters (the objective function was relatively flat
with respect to ε, making estimating ε using monte carlo methods very difficult).
Thus, we must estimate four parameters in Conditions 1, 2P, and 3P; all five para-
meters must be estimated in Conditions 2G and 3G. For each experimental condi-
tion, CMCC was M estimated for each V by aggregating the arrival times from 100V
independent simulations of 75 trials of play of the queuing game with 20 agents.
Since our objective function can only be estimated through simulation, one concern
is that we might obtain inconsistent estimates of V; however, multiple replications
of the grid search algorithm produced highly consistent results.

5. TESTING THE LEARNING MODEL

5.1. Condition 1

Aggregate Arrival Time Distributions. The cumulative arrival time distributions for
the experimental subjects and the simulated learning agents, as well as the equilib-
rium cumulative arrival time distribution, are displayed in Fig. 4. With the exception
of the aggregate arrival time at 8:00 (where the model under-predicts the probability
of arrival), the model results closely agree with those of the human subjects.

Individual Arrival Times. Fig. 7 exhibits the individual arrival times of the 20 sub-
jects in Group 1 of Condition 1. The decisions to stay out are represented by the
downward ticks on the horizontal axis. Individual arrival time distributions for 20
simulated agents in Condition 1 are shown in Fig. 8. Observe that both the humand
subjects and simulated agents display heterogeneous arrival time behavior. Some
subjects switch their arrival times quite often and quite dramatically, while others
make less frequent and less dramatic switches. There is no simple way of telling
which figure displays the individual arrival times of the genuine subjects and which
of the simulated agents.

Switching Behavior. Fig. 9 shows the mean switching probabilities and mean switch
magnitudes across trials for the human subjects on Condition 1. Here, a switch
obtains on trial t when the subject (or simulated agent) enters on both trials t t − 1
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Figure 9. Switch probabilities and mean switch magnitudes across trials for all four
experimental groups in Condition 1.
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Figure 8. Individual decisions of twenty simulated agents in Condition 1.
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Figure 10. Switch probabilities and mean switch magnitudes across trials for four
simulated groups in Condition 1.
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and t and t At−1 ≠ At. The magnitude of a switch is defined as the absolute difference
between arrival times on trials t − 1 and t. The corresponding plot for the simulated
agents, which is based on the best-fitting parameters shown in Fig. 4, is exhibited in
Fig. 10. A comparison of Figs. 9 and 10 shows basically no change in the trend in
mean switch probability and mean switch magnitude across trials for both the simu-
lated and genuine subjects. However, the mean switch probabilities for the simulated
agents consistently exceed the ones for the experimental subjects by more than 50%.
Also, we observe that the mean switch magnitudes for the simulated subjects are
slightly lower than those for the experimental subjects.

5.2. Conditions 2 and 3

Arrival Time Distributions. Figs. 5 and 6 display the cumulative arrival time distri-
butions for Conditions 2 and 3, respectively. The distributions for the private out-
come information (Conditions 2P and 3P) are displayed on the upper panels, and
those for the group outcome information (Conditions 2G and 3G) on the bottom
panels. The learning model results and the experimental data are in close agreement.
In fact, the learning model accounts better for the results of Conditions 2 and 3 than
Condition 1. The only notable discrepancy is in Condition 3P, where the model
entry probability is about 0.05 greater than that of the human subjects. As the results
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for individual arrival time distributions, mean probability of switching, and mean
magnitude of switching are similar to those in Condition 1, they are not exhibited
here. Again, we observe a higher probability of switching and smaller mean switch
magnitude in the simulated agents.

6. DISCUSSION AND CONCLUSION

RSPS and SPSR have studied experimentally how delay-averse subjects, who
patronize the same service facility and choose their arrival times from a discrete set
of time intervals simultaneously, seek service. Taking into account the actions of
others, whose number is assumed to be commonly known, each self-interested sub-
ject attempts to maximize her net utility by arriving with as few other subjects as
possible. She is also given the option of staying out of the queue on any particular
trial. Using a repeated game design and several variants of the queueing game, RSPS
and subsequently SPSR reported consistent patterns of behavior (arrival times and
staying out decisions) that are accounted for successfully by the symmetric mixed-
strategy equilibria for these variants, substantial individual differences in behavior,
and learning trends across iterations of the stage game. Our major purpose has
been to account for the major results of several different conditions by the same
reinforcement-based learning model formulated at the individual level.

Our “bottom-to-top” approach to explain the dynamics of this repeated interac-
tion calls for starting the analysis with a simple model that has as few parameters as
possible, modify it, if necessary, in light of the discrepancies between theoretical and
observed results, and then apply it to other sets of data. The focus of the present
analysis has been on the distributions of arrival time on both the aggregate and
individual levels. Although our learning model has been tailored for a class of
queueing games with endogenous arrivals, it has some generality as it is designed to
account for the results in five different conditions (1, 2P, 3P, 2G, 3G) that vary from
one another on several dimensions.

The performance of the model is mixed. It accounts quite well for the aggregate
distributions of arrival time in four of the five conditions. (The main exception is
the aggregate arrival time at 8:00 in Condition 1.) For many learning models, this is
the major criterion for assessing the model performance. The model also produces
heterogeneous patterns of individual arrival times that are quite consistent with those
of experimental subjects.

On the negative side, the learning model generates considerably more switches
than observed in the data and somewhat smaller mean switch magnitude than observed
in all the experimental conditions. Analysis of individual decisions in the studies by
RSPS and SPSR shows that some subjects often enter the queue repeatedly at the
same time, regardless of the outcomes on previous trials, possibly in an attempt to
scare off other subjects or simply observe the pattern of entry without committing
themselves to switch their arrival times. This kind of forward looking behavior,
which is not captured by the learning model or any other reinforcement-based model
in which a decision on trial t only depends on past decisions and outcomes, could bet
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accounted for by increasing the complexity of the model. Although we only focus on
testing a single learning model, our position is that in a final analysis the predictive
power, utility, and generalizability of a learning model could better be assessed by
comparing it to alternative models.
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NOTE
1 We verified this for a Roth-Erev-type reinforcement-based learning model. With our implementation,

we have been unable to reproduce most of the regularities we observe in the experimental data.
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Chapter 12

DECISION MAKING WITH NAÏVE ADVICE

Andrew Schotter
New York University

Abstract

In many of the decisions we make we rely on the advice of others who have
preceded us. For example, before we buy a car, choose a dentist, choose a spouse,
find a school for our children, sign on to a retirement plan, etc. we usually ask the
advice of others who have experience with such decisions. The same is true when
we make major financial decisions. Here people easily take advice from their fellow
workers or relatives as to how to choose stock, balance a portfolio, or save for their
child’s education. Although some advice we get is from experts, most of the time we
make our decisions relying only on the rather uninformed word-of-mouth advice we
get from our friends or neighbors. We call this ?aive advice? In this paper I will
outline a set of experimental results that indicate that word-of-mouth advice is a very
powerful force in shaping the decisions that people make and tends to push those
decisions in the direction of the predictions of the rational theory.

1. INTRODUCTION

In many of the decisions we make we rely on the advice of others who have
preceded us. For example, before we buy a car, choose a dentist, choose a spouse,
find a school for our children, sign on to a retirement plan, etc., we usually ask the
advice of others who have experience with such decisions. The same is true when
we make major financial decisions. Here people easily take advice from their fellow
workers or relatives as to how to choose stock, balance a portfolio, or save for their
child’s education. Although some advice we get is from experts, most of the time we
make our decisions relying only on the rather uninformed word-of-mouth advice we
get from our friends or neighbors. We call this “naive advice”.

Despite our everyday reliance on advice, economic theory has relatively little to
say about it. Hence, there tends to be relatively little written in the decision theoretic
or game theoretical literature about decision making with advice.

In this paper I outline a set of experimental results (see, Schotter and Sopher,
2003, 2004a, 2004b, Chaudhri, Schotter, and Sopher, 2002; Iyengar and Schotter,
2002; and Celen, Kariv, and Schotter, 2003) indicating that word-of-mouth advice is

© 2005 Springer. Printed in the Netherlands. 
A. Rapoport and R. d Zwick (e(( ds.), Experimental Business Research, Vol. II, 223–248.
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a very powerful force in shaping the decisions that people make, and tends to push
those decisions in the direction of the predictions of the rational theory. More pre-
cisely, I will demonstrate the following:

1) Laboratory subjects tend to follow the advice of naive advisors, i.e., advisors that
are hardly any more expert in the task they are engaged in than they are.

2) This advice changes their behavior in the sense that subjects who play games or
make decisions with naive advice play differently than those who play identical
games without such advice.

3) The decisions made in games played with naive advice are closer to the predic-
tions of economic theory than those made without it.

4) If given a choice between getting advice or the information upon which that
advice was based, subjects tend to opt for the advice indicating a kind of
under-confidence in their decision making abilities that is counter to the usual
ego-centric bias or overconfidence observed by psychologists.

5) The reason why advice increases efficiency or rationality is that the process of
giving or receiving advice forces decision makers to think about the problem
they are facing in a way different from the way they would do so if no advice
was offered.

In many of the experiments reported below, subjects engage in what are called
“intergenerational games”. In these games, a sequence of non-overlapping “gen-
erations” of players play a stage game for a finite number of periods and are
then replaced by other agents who continue the game in their role for an identical
length of time.1 Players in generation t are allowed to observe the history of thet
game played by all (or some subset) of the generations who played it before them
and can communicate with their successors in generation t + 1 and advise them on
how they should behave. This advice is in two parts. First, in most of the experi-
ments discussed below, subjects offer their successors a strategy to follow. After
this they may write a free-form message giving the reasons why they are suggesting
the strategy they are. These messages are a treasure trove of information about
how these subjects are thinking the problem through. Because they have incent-
ives to pass on truthful advice (they are paid 1/2 off what their successors earn),
we feel confident that this advice is in earnest. Hence, when a generation t playert
is about to move she has both history and advice at her disposal. (Actually, we
investigate three experimental treatments. In one that we call the Baseline, when
generation t replaces generationt t − 1, subjects are allowed to see the history of play
of all previous generations and receive advice from their predecessors. This advice
is almost always private between a generation t − 1 player and his progeny. In
a second treatment called the History-Only treatment, subjects can see the entire
history but receive no advice from their predecessors. Finally, in our third treatment
called the Advice-Only treatment, subjects can receive advice but can only view the
play of their immediate predecessor’s generation). In addition, players care about
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the succeeding generation in the sense that each generation’s payoff is a function
not only of the payoffs achieved during their generation but also of the payoffs
achieved by their children in the game that is played after they retire.2 By comparing
the play of subjects in these three treatments we can measure the impact of advice
on behavior.

In the remainder of this paper we will survey the papers cited and use the result
generated there to substantiate the statements made above.

2. THE IMPACT OF ADVICE

2.1. Ultimatum Games (Schotter and Sopher (2004a))

Consider an Ultimatum Game with a $10 endowment played as an inter-generational
game where each generation plays once and only once before it is retired. In our
experiments we had 81, 79, and 66 generations play this game under the three
treatments described above, respectively.

Since this game is played inter-generationally with each generation playing once
and only once, when a Proposer arrives in the lab he sees on his computer screen an
amount advised to be sent. A Receiver receives advice advising her what the mini-
mum offer she should accept. Economic theory predicts that only a small amount,
$.01 say, will be sent.

2.2. Was Advice Followed?

2.2.1. Offer Behavior
Figures 1a and 1b display the amounts advised to be sent as well as the amounts
actually sent by each generation in two treatments of our intergenerational Ultimatum
game experiment – the Baseline treatment (where subjects can both receive advice
and see the entire history of all generations before them) and the Advice-Only treat-
ment (where subjects can receive advice but only see the history of their immediate
predecessors).

As can easily be seen, by and large subjects simply sent the amount they were
advised to send. Advice was followed in a very direct way.

2.2.2. Was Behavior Changed by Advice?
Advice had a significant impact on behavior. For example, while the mean amount
offered in the Advice-Only experiment over the last 40 generations was 33.68, it was
43.90 in the History-Only treatment. Figures 2a–2b show the amounts offered by
Proposer subjects in two experiments – the Advice-Only experiment (Treatment I),
where advice was allowed but history eliminated, and the History-Only Experiment
(Treatment II), where subjects could see the entire history but not see advice.
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Figure 1. (a) Amount Sent and Advice: Baseline; (b) Amount Sent and Advice: Advice Only
Treatment.
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Note that the impact of advice is to truncate the right tail of the offer distribution
and decrese the variance of offers made. In fact, while only 10% of the offers in
the Advice-Only treatment were greater than 50, in the History-Only treatment 10%
of the observations were above 80. A series of one-tailed F-tests supports this
observation for binary comparisons between with the History-only treatment and the
Baseline (F{(65,80)}F = 2.16, p = .00) and the History-only treatment and the Advice-
only treatment (F{(65,76)}FF = 2.90, p = .00). The same test found a difference between
the variances of the Advice-only treatment and the Baseline at only the 10% level.
These results indicate that history does not seem to supply a sufficient lesson for
subjects to guide their behavior in a smooth and consistent manner.
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Figure 2. (a) Amount Sent Advice-Only Experiment Treatment I; (b) Amount Sent
History-Only Treatment II.
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2.2.3. Rejection Behavior
Rejection behavior is also affected by advice. Schotter and Sopher (2003a) used a
logit model to estimate the probability of acceptance as a function of the amount
sent of the following type:

Pr(x(( accepted) x = ea+bx/(1x + ea+bx),

where x is the amount offered and the left hand variable is a {0, 1}; the variable
taking a value of 1 if x is accepted and 0 otherwise.x

The results of these estimations are presented in Figure 3 that plots the resulting
estimated acceptance functions and superimposes them on the same graph.

Figure 3 shows that low offers are least likely to be accepted when only advice
exists (the Advice-Only treatment) and most likely to be accepted when no advice is
present but access to history is unlimited (the History-Only treatment). The Baseline,
in which both treatments exist simultaneously, is in between. For example, while the
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Figure 3. Acceptance Behavior.
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probability that an offer of 10 is accepted is about 0.10 in the Advice-Only treat-
ment, that probability increases to about 0.19 and 0.53 in the Baseline and History-
Only treatments, respectively.

2.3. Coordination Conventions (Schotter and Sopher (2003)

Consider the following Battle of the Sexes game played in the lab as an inter-
generational game:

Battle of the Sexes Game
Column Player

1 2
Row Player 1 150, 50 0, 0

2 0, 0 50, 150

2.3.1. Was Advice Followed?
In the Baseline treatment of our Battle of the Sexes game advice appears to be
followed quite often but the degree to which it is followed varies depending on the
state last period. On average, for the row players it is followed 68.75% of the time,
while for the column player it was followed 70% of the time. When the last period
state was (2, 2) (i.e., when in the last period the subjects coordinated on the (2, 2)
equilibrium), row players followed the advice given to them 73.3% of the time while
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Table 1. Advice Following when Advice and Best Response Differ and when They are the
Same – Baseline Condition

Advice Differs from Best Response

Row Row Column Column
Follows Rejects Follows Rejects

15 13 17 17

Advice Equals Best Response

40 12 39 7

column subjects followed 86.6% of the time. When the last period state was the
(1, 1) equilibrium, column subjects chose to follow it only 37.5% of the time while
row player adhered 68% of the time.

In these experiments, we measured the beliefs of each generation concerning
their expectations of what strategies they expect their opponent to choose. We did
this using a proper scoring rule, and this enabled us to define what a subject’s best
response was to those beliefs. Since in some instances the advice offered to subjects
was counter to their best response action, we can measure the relative strength of
advice by comparing how often the subjects chose one over the other.

When advice and best responses differ, subjects are about as likely to follow the
dictates of their best responses as they are those of the advice they are given.
Consider Table 1 that presents data from our Baseline experiment. .

As we can see, for the row players there were 28 instances where the best
response prescription was different than the advice given, and of those 28 instances
the advice was followed 15 times. For the column players there were 34 such
instances, and in 17 of them the column player chose to follow advice and not to
best respond. When advice supported the best response of the subject, we see that it
was adhered to more frequently (79 out of 98 times).

These results are striking since the beliefs we measured were the player’s post-
erior beliefs after they had both seen the advice given to them and the history of play
before them. Hence, our beliefs should have included any informational content
contained in the advice subjects were given, yet half of the time they still persisted
in making a choice that was inconsistent with their best response. Since advice in
this experiment was a type of private cheap talk based on little more information
than the next generation already possesses (the only informational difference between
a generation t and generation t t + 1 player is the fact that the generation t playert
happened to have played the game once and received advice from his or her pred-
ecessor which our generation t + 1 player did not see directly), it is surprising that it
was listened to at all.
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2.3.2. Was Behavior Changed by Advice?
One puzzle that arises from our Battle of the Sexes experiments is the following.
While in the Baseline we observe equilibrium outcomes 58% of the time (47 out of
81 generations), when we eliminate advice, as we do in History-Only Treatment,
we observe coordination in only 29% of the time (19 out of 66 generations). When
we allow advice but remove history, the Advice-Only treatment, coordination is
restored and occurs 49% of the time (39 out of 81 generations).

These results raise what we call the “Advice Puzzle” which is composed of two
parts. Part 1 is the question of why subjects would follow the advice of someone
whose information set contains virtually the same information as theirs. In fact, as
stated above, the only difference between the information sets of parents and chil-
dren in our Baseline condition is the advice that predecessors received from their
predecessors.

Part 2 of the Advice Puzzle is that despite the fact that advice is private and not
common knowledge cheap talk, as in Cooper, Dejong, Forsythe and Ross (1989), it
appears to aid coordination in the sense that the amount of equilibrium occurrences
in our Baseline (58%) and Advice-Only treatment (49%) where advice was present
is far greater than that of History-Only treatment (29%) where no advice was present.
While it is known that one-way communication in the form of cheap talk can
increase coordination in Battle of the Sexes games (see Cooper et al. (1989)), and
that two-way cheap talk can help in other games, (see Cooper, Dejong, Forsythe and
Ross (1992)), how private communication of the type seen in our experiment works
is an unsolved puzzle for us.

Finally, note that the desire of subjects to follow advice has some of the charac-
teristics of an information cascade since in many cases subjects are not relying on
their own beliefs, which are based on the information contained in the history of the
game, but are instead following the advice given to them by their predecessor who is
as just about much a neophyte as they are.

2.4. Trust Games (Schotter and Sopher (2004b))

The particular trust game that we consider, first investigated by Berg, McCabe and
Dickhaut (1995), is the following. Player 1 moves first and can send Player 2 any
amount of money x in [0, 100] or keep 100 for herself. Once x x is determined, it is
multiplied by 3 and the amount 3x is received by Player 2. Player 2 can then decidex
how much of the 3x received,x y, to send back to Player 1. The payoffs for the players
are then 100 − x + y for Player 1 and 3x − y for Player 2. Note that this game is a
game of trust since Player 1, by sending nothing, can elect to get a safe payoff for
himself of 100. But if he sends any amount x to Player 2, he places his fate in Playerx
2’s hands and must trust him to reciprocate and send back at least x to compensatex
him for his act of trust. Hence, Player 2 is trustworthy if he sends back an amount
y ≥ x and is not trustworthy, otherwise.x

We played this game of trust in an inter-generational setting where a game is
played by a pair of players who subsequently are replaced by another pair, each
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replacement being a “descendent” of one of the original players and able to receive
advice from their predecessor on how to play of the game. We analyze the impact of
this inter-generational advice on behavior.

What we find is consistent with the pattern of results reported above for the
Ultimatum and Battle of the Sexes games with some, perhaps significant, differences.

2.5. Do Subjects Follow Advice and Does the Presence of
Advice Change Behavior?

2.5.1. Sender Behavior
As we can see by observing Figures 4a and 4b, there appears to be a close qualitative
relationship between advice given by Senders and the amounts sent by their succes-
sors. To the extent that subjects did not follow the advice of their predecessors, they
did so by sending more than suggested and not less. Looking at Figures 4a and 4b
we see that while the gyrations of the time series of amounts sent tends to track that
of the advice time series, it also tends to be greater than it most of the time – subjects
send more than advised. (We will see a similar result in the last section of this paper
as well).

Despite the fact that subjects tend to reject the advice of their predecessors and
send more than suggested, it is still true that when compared to the History-Only
Experiment less is sent when advice is present. In other words, advice is trust
decreasing. This can easily be seen in Figures 5a–5c, which present histograms of
the amount sent in each treatment.

Note that in all treatments the amount sent is substantially above the zero
predictions of the static sub-game perfect Nash equilibrium prediction. For ex-
ample, in all of our treatment over 82% of the subjects send something positive.
In the Baseline, 50% send 15 or more while in the Advice-only and History-only
Treatments 50% send 20 or more and 40 or more, respectively. The presence of
advice has a dramatic impact on sending behavior, however. As we can see in
Figures 5a–5c, the amount sent is substantially higher in the History-Only Treatment
than in either the Baseline or Advice-Only Treatments. For example, the mean
(median) amount sent in the Baseline and Advice-only Treatments, respectively, is
25.94 (15) and 28.10 (25), while in the History-Only Treatment, where there is no
advice, it was 40.18 (30). A set of two-sample Wilcoxon rank-sum tests indicate
that while there is no significant difference between the samples of Baseline and
Advice-Only Treatment offers (z statistic −1.24, p-value .22) , a significant differ-
ence did exist between the amounts sent in the History-Only Treatment and both
the Baseline (z statistic −3.03, p-value .00) and Advice-only Treatments (z statistic −
2.13, p-value .03).

In addition, while the inter-quartile range of offers in the Baseline and Advice-
Only Treatments were 1–40 and 5–40 respectively, the same range was 15–55 in
the History-Only Treatment. Another measure of trust can be gleaned from the upper
end of the offer distribution. For instance, 10% of all offers in the Baseline and the
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Figure 4. (a) Amount Sent and Amount Advised to Be Sent: Baseline Treatment;
(b) Amount Sent and Amount Advised to be Sent: Advice-Only Treatment.

Advice-Only Treatment experiments were greater than 80 and 65 respectively, while
10% of all offers in the History-Only Treatment were equal to 100 indicating an
extreme willingness to “risk it all”. Finally, to demonstrate the impact of advice on
amounts sent (as) we ran a regression of “as” on a {0, 1} dummy variable (D)
depicting whether or not advice was allowed in the experiment generating the obser-
vation. According to this regression, we again observe a significant and negative
relationship between the presence of advice and the amount sent. On the basis of
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these results we conclude that advice lowers the amount of trust in this game by
lowering the amount of money sent.3

2.6. Was Receiver Behavior Changed By Advice? The Impact of Advice
on Trustworthiness

Trustworthiness in these experiments is measured by how much of the amount sent
is returned by the Receiver. When we look at the data from this experiment we see
that while advice made the Senders less trusting, it made the Receivers more trust-
worthy. In short, while Receiver subjects tend to return 8.63 units less than they
receive in the Baseline experiment, and 9.24 units less in the Advice-Only experi-
ment, in the History-Only experiments they return, on average, 16.15 units less. The
explanation, we believe, involves a small bit of anchoring and adjusting. In both the
Sender and Receiver cases, subjects take the advice they are given and adjust from
the suggested amounts. In the case of Senders, we know that subjects with no
advice, the History-Only subjects, tend to send more than subjects in the Baseline
and Advice-Only experiments are advised to. Hence, even though they send more
than suggested, they ultimately send less than their non-advised History-Only coun-
terparts. They use the advice as an anchor and adjust upwards. For the Receivers
the effect is the opposite. While in the History-Only experiment sending back zero
might be the natural anchor from which subjects adjust upward, in the Advice-Only
and Baseline experiments the non-zero advice offered by one’s advisor seems to
function as the anchor from which subjects adjust upward. The net result is a higher
amount of observed trustworthiness.
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Figures 5a–5c. Amount Sent in Trust Game by Treatment.
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3. WOULD PEOPLE RATHER HAVE ADVICE OR DATA?
(CELEN, KARIV, AND SCHOTTER, 2003)

In recent years, a great deal of attention has been paid to the problem of social
learning. In the literature associated with this problem it is assumed that people learn
by observing either all of or a subset of the actions of those who have gone before
them.4 They use these actions to update their beliefs about the payoff-relevant state
of the world and then take an action that is optimal given those beliefs. Using this
approach a great deal has been learned about how and why people follow their
predecessors, or herd, and how informational cascades develop.

The odd aspect of the social learning literature as just described is that it is not
very social. In the real world, while people learn by observing the actions of others,
they also learn from their advice. For example, as stated in the introduction, people
choose restaurants not only by viewing which of them are popular, but also by being
advised to do so. People choose doctors not by viewing how crowded their waiting
rooms are, but by asking advice about whom to go to, and so on. Thus, social
learning tends to be far more social than economists depict it.

In the standard social learning situation, decision makers make their choices in
sequence with one decision maker following the other. Typically, they are allowed
to see what their predecessors have chosen after each of them receives an independ-
ent signal about the payoff-relevant state of the world. In CKS 2003, however, we
allow decision makers, before they make a choice, to choose whether to observe the
actions of those who went before or get advice from them as to what they should do.
Which information do you think would be preferred? One would think that what you
decide will depend on your estimate of your abilities as a decision maker compared
to those of the advice giver as well as the informativeness of the data you might
expect to process yourself.

To get at this question, Celen, Kariv and Schotter (2003) (CKS) investigated a
social learning experiment with a design that differed slightly from the inter-
generational game experiments described above. In this experiment eight subjects
were brought into a lab and took decisions sequentially in a random order. A round
started by having the computer randomly select eight numbers from the set of real
numbers [−10, 10]. The numbers selected in each round were independent of each
other and of the numbers selected in any of the other rounds. Each subject was
informed only of the number corresponding to her turn to move. The value of this
number was her private signal. In practice, subjects observed their signals up to two
decimal points.

The task of subjects in the experiment was to choose one of two decisions
labeled A and B. Decision A was the correct decision to make if the sum of the eight
private signals was positive, while B was correct if the sum of the private signals
was negative. A correct decision earned $2 while an incorrect one earned $0. This
problem was repeated 15 times with each group of 8 decision makers each receiving
a new and random place in the line of decision makers in each round.
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Table 2. Agreement and Contrariness in Action-Only and Advice-Only Experiments

Concurring Neutral Contrary

Action 44.2% 16.6% 39.2%

Advice 74.1% 9.1% 16.8%

CKS used three treatments that differed in the information they allowed subjects
to have. In one treatment (the Action-Only treatment), subjects could see the deci-
sion made by their predecessor in the line of decision makers (so the fifth decision
maker could see the decision of the fourth etc.) but no others, and could not receive
any advice from their predecessors. In another treatment (the Advice-Only treat-
ment), subjects (except for the first one) could receive advice from their predecessor
telling them to either choose A of B. In the final treatment (the Advice-Plus-Action
treatment), subjects could see both the decision their predecessor made and receive
advice form him or her. Subject payoffs were equal to the sum of their payoffs over
the 15 rounds in the experiment plus the sum of what their successors earned, so that
each subject had an incentive to leave good advice. This design clearly makes the
social learning problem more “social” by including elements of advice and word-
of-mouth learning.

The final feature of the experimental design, and the one that distinguishes it
from other social learning experiments, was that subjects did not directly choose a
decision A or B but rather set a cut off level between −10 and 10 (a cutoff ). Once
this cutoff was typed into the computer it took action A for the decision maker if her
signal was above the cutoff specified and action B if it was not.

This design can help us answer the question stated above; would people prefer to
have advice or information. For example, Table 2 compares the actions of subjects
who can only see the actions chosen by their immediate predecessor to those who
cannot see what they have done, but can receive an advised action. I have broken
down the actions of subjects into those actions which agree (concurring decisions),
with the action or advice of the predecessor, those where the actions disagree (con-
trary decisions) and those where the actions neither agree or disagree with the
actions or advice of one’s predecessor (such actions are possible in this experiment
since the subject can always set a zero cutoff which allows his to choose A or B with
equal probability). By “agree” we mean that the subject sets a negative cutoff when
he is told or observes the A action and sets a positive cutoff when he is told or
observes the B action.

This table shows that subjects take actions that agree with the advice they receive
74.1% of the time yet copy the actions of their predecessors only 44.2% of the time.
Actions disagree with advice only 16.8% of the time as compared with 39.2% for
the experiment where actions only could be seen.
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Table 3. Advice Taking in the Action-Plus Advice Experiment

Successor Choose A Choose B

Predecessor Cutoff (−) Cutoff (+) Cutoff = 0

Action A/Advice B 13 (15.66%) 33 (39.76%) 6 (7.23%)

Action B/Advice A 17 (20.48%) 7 (8.43%) 7 (8.43%)

The Action-Plus-Advice experiment provides us with an extremely good oppor-
tunity to try separating the impact of advice and action on behavior. The reason is
that in a number of situations subjects were faced with advice that was different
from the action taken by the subject in the previous round. For example, in the
Action-Plus-Advice experiment 83 out of the 525 decisions excluding the first deci-
sion turn (15.8 percent) were made under circumstances where the advice offered
was different from the action observed in the previous period. If when these situa-
tions occurred, subjects chose to follow the advice of their predecessors rather than
copying their action, we would interpret this as indicating that advice was more
influential than action.

To pursue this line of inquiry, consider the choice of a negative cutoff as indicat-
ing a preference for the A choice and the choice of a positive cutoff as a preference
for the B choice. If the advice and action of a predecessor subject differ, then two
cases can be observed. The predecessor chooses A and advises B or the predecessor
chooses B and advises A. Based on either of these occurring, the successor subject
could choose to set either a negative cutoff (a higher probability of taking action A)
or a positive one (a higher probability of taking action B). This defines four contin-
gencies as depicted in Table 3.

Table 3 shows that when the advice and action of one’s predecessor differ,
successors are far more likely to choose an action consistent with the received
advice than the observed action. For example, in 60.2 percent of the cases where the
advice offered differs from the action, subjects chose to follow the advice they
received rather than imitate their predecessor’s action, while only 24.1 percent of the
time they imitated the action taken, and 15.7 percent of the time they were neutral
and choose a cutoff zero.

Table 3 looks at behavior when the advice offered by a subject’s predecessor
differs from the action she took. But we might also ask whether getting advice that
is consistent with the action taken by one’s predecessor makes a subject more likely
to follow it and if so more likely to set a more extreme cutoff indicating stronger
agreement. A priori we would expect this to be the case since when advice agrees
with a predecessors’ action we should expect a subject to view it as more compel-
ling. Consider Table 4.

Table 4 supports our conjecture. Subjects are, indeed, more likely to follow
advice (as indicated by the sign of their cutoff) when it is backed up by action. Note
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Table 4. Decision Conformity with Advice and Action

Action Taken

Concurring Neutral Contrary

Action-Only 44.2% 16.6% 39.2%

Advice-Only 74.1% 9.1% 16.8%

Action−+−Advice 84.2% 7.0% 8.8%

that if a subject is told to follow an action by a predecessor who took that action
himself, such a recommendation is followed 84.2 percent of the time, while such
advice is followed only 74.1 percent of the time in the Advice-Only experiment.
When just the action is observed, it is imitated only 44.2 percent of the time. So it
should be clear that a predecessor who does as she says is seen as being more
believable than one whose advice cannot be backed up by action. Ironically, when
a subject follows a piece of advice that is backed up by the actions of one’s pre-
decessor, the cutoff he sets is not significantly different than the one set by a subject
in the Advice-Only experiment who also followed advice. Hence, it appears that
while seeing actions support advice increases the probability of following the advice
offered, the strength of conviction in the advice is not different from that in the
Advice-Only Experiment.

3.1. Does Advice Increase Efficiency?

Probably the most important question that we can ask about the impact of advice on
social learning is whether the presence of advice increases the welfare of subjects
over and above what it would be without it. In answering this question, we will have
to examine the impact that advice has on herding and cascade behavior of subjects
since one way that advice affects behavior is through its propensity to cause subjects
to herd with greater frequency than they would in its absence.

To begin, consider Table 5, which presents a summary our four experiments. It is
clear that the mean payoffs of our subjects were highest in those experiments where
advice was present.

As we see, while earnings for taking the correct action in the Action-Only ex-
periment averaged $18.8 they average $23.3 and $21.8 for the Action-Plus-Advice
and Advice-Only experiments. These increases represent increases of 24.3 percent
and 16.4 percent, respectively. In the Perfect-Information experiments of Celen and
Kariv (2003) where subjects could see the entire history of actions before setting
their cutoff values (but did not receive advice), earnings averaged $22.0 indicat-
ing that advice with imperfect information is approximately as efficient as perfect
information without advice. A set of binary Wilcoxon tests indicates that there is a
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Table 5. Efficiency and Herding in Social Learning Experiments

Action-Only Advice-Only Action-Advice PerfectAdvice-Only Action-Advice
Information

Earnings $18.8 $21.8 $23 $22$18.8 $21.8 $23

Herds* 8 25 36 278 25 36

% of Herds+ 10.7 33.3 48 3633.3 48

Cascades 18 24 21 2618 24 21

% of cascades+ 24 32 28 34.732 28

* Herds of at least five subjects
+ Out of all 525 decision points excluding the first decision turn.

significant difference between the sample of subject payoffs in the Action-Only
experiment and all other experiments at the 5 percent level of significance. It also
indicates that no difference exists between the payoffs of subjects in the Perfect-
Information experiment and any of those with advice, substantiating our conclusions
that the presence of advice seems to be a substitute for the extra information
contained in the perfect information experiment.

4. HERD BEHAVIOR AND INFORMATIONAL CASCADES

One of the main reasons why advice increases the payoffs and hence the welfare
of our subjects is that it has a dramatic impact on our subjects’ inclination to herd.
We identify a subject who engages in cascade behavior as one who reports a cutoff
of −$10 or $10, and thus takes either action A or B no matter what private signal
she receives. In contrast, a subject who joins a herd but does engage in cascade
behavior is one whose cutoff is in the open interval (−10, 10), indicating that there
are some signals that can lead her to choose action A, some to choose B, but when
her private signal is realized she will act as her predecessors did. Finally, we say that
a cascade occurs when beginning with some subject all others thereafter follow
cascade behavior, and herd behavior occurs when, beginning with some subject,r
all take the same action.

4.1. Herd behavior

While in our Action-Only experiments we observed herding of at least five sub-
jects in only 8 of the 75 rounds (10.7 percent), in the Advice-Only and Action-
Plus-Advice sessions herding occurred in 25 (33.3 percent) and 36 (48.0 percent)
rounds respectively. Moreover, in the Action-Plus-Advice experiment herd behavior
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developed even more frequently than in the Perfect Information experiments of
Celen and Kariv (2003) where subjects can see all the decisions made by all of their
predecessors before making their choice, we found that herding was the outcome in
27 of the 75 rounds (36.0 percent). Finally, the frequency in which herd behavior
occurs in the Action-Plus-Advice experiment compares favorably to the 47 percent
predicted by the theory.

Obviously, two conditions must be met if advice is going to be welfare increas-
ing. First, the advice must be correct and second it must be followed. Miraculously,
in these experiments, both conditions seemed to have been met. In the Advice-Only
experiments, whenever herd behavior arises all of the advice given was consistent
with the action herded upon. In the Action-Plus-Advice experiments, this was not
the case in only 5 of the 36 herds. In other words, when herds occurred those who
herded tended to follow the advice given. More remarkably, in all experiments all
herds turned out to be on the correct decision. This result is of a particular interest
since one of the original concerns of the social learning literature was that herds
and cascades might support or reinforce inefficient choices. Following Anderson
and Holt (1997), these fears were supported by the results of many laboratory
experiments.

To sum up, our results on herd behavior indicate that advice is a strong force in
the creation of uniform social behavior and is welfare increasing.

4.2. Informational cascades

While all cascades must be herds, the opposite is certainly not true. Our experiment
is uniquely designed to distinguish between the occurrence of cascades and herds
since we are able to observe subjects’ cutoffs that are typically unobservable. Sur-
prisingly, advice did not have a significant impact on the rate of occurrence of
information cascades. In the Action-Only experiments, cascades, in the sense that
from some subject on all acted irrespective of the content of their private signals by
setting either −10 or 10 as their cutoffs, were observed in 18 rounds (24.0 percent),
whereas in the Advice-Only and Action-Plus-Advice experiments cascades formed
in 24 (32.0 percent) and 21 (28.0 percent) rounds, respectively.

In summary, it appears that in this informational setting words speak louder
than actions in the sense that subjects are more likely to follow the advice of their
predecessors to take specific actions than they are to copy their behavior.

5. WHY FOLLOW ADVICE? (IYENGAR AND SCHOTTER (2002))

Our results above lead us to question why advice should be so beneficial. Why
should people give better advice to their successors than they gave to themselves?
An experiment conducted by Iyengar and Schotter (2002) attempts to answer this
question.

In this experiment, subjects had to choose a number, e, between 0 and 100 called
their decision number. They were told that they were playing against a computerized
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partner who would always choose the number 37. After this number is chosen a
random number is independently generated from a uniform distribution over the
interval [−a, +a] for both the subject and his computerized opponent. These num-
bers (the decision number and the random number) are then added together and a
“total number” is defined for each of the real and computerized players. Payoffs are
determined by comparing the total numbers of the real and computerized subjects,
and awarding the real player a fixed payoff of M if her total is larger than that of theM
computerized opponent. If her total number is smaller, then she receives a payoff of
m, m < M. The cost of the decision number chosen is given by a convex function
c(e) = e2/r, where r is a constant. This amount is then subtracted from these fixedr
payments to determine a subject’s final payoff. Hence, there is a trade-off in these
experiments in the choice of decision numbers: higher numbers generate a higher
probability of winning the big prize but at the same time also imply a higher deci-
sion cost. By letting r = 500, a = 40, M = 29 and m = 17.2, and holding the
computerized player’s choice fixed at 37, our subjects face a rather simple decision
problem with a quadratic payoff function whose peak is at 37.

This task was used by Merlo and Schotter (1999, 2003) to test the impact of
information on learning. They used what they called a “surprise quiz” method to
test how well subjects learned the task put in front of them. In these experiments,
subjects performed the exact task as described above 75 times and received payoffs
each period. When the 75 rounds were over they were surprised and told that they
would play the game once more but this time the stakes were multiplied by 75 so
that they could earn for this one trial an amount equal to the sum of what they earned
in all of the previous 75 rounds. Their choice in this high-stakes round should be a
sufficient statistic for all that they have earned in the previous 75 rounds since the
only way they can maximize their earnings in this round is by choosing that decision
number which they feel is best. It is by comparing behavior in surprise quizzes that
we can investigate the impact of various treatments on learning.

Merlo and Schotter (1999, 2003) performed this experiment under a number of
different conditions. In one they simply had one subject perform the experiment
exactly as described above and make a surprise quiz choice after the 75 rounds were
done. In another experiment, the subject (which we call the doer) performed the
experiment with another subject (the observer) silently watching what he did over
his shoulder. After the 75 rounds were over we took the observer out of the room, he
was told that he would do another experiment that was related to what the doer was
doing but the specifics were not mentioned, and performed a surprise quiz on the
doer. We then paid the doers and let them go and returned the observers to the lab
where we announced that they were now to do a one-shot surprise quiz for 75 times
the stakes of the doers they just watched.

Iyengar and Schotter (2002) repeated this experiment but in a slightly different
manner. Instead of having one subject do the experiment alone, they sat another
“advisor” subjects next to him or her at the computer. This advisor (type-P subject)
makes written suggestions to the subject doing the experiment as to what he or she
thinks is the best choice for that round. The chooser (type-A subject) is free to
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Table 6. Experimental Design

Treatment

Merlo and Schotter 1999 Decision maker alone

Merlo and Schotter 2003 Decision maker + overlooking subject

Iyengar and Schotter (2002) Decision maker + Advisor

Table 7. Mean Surprise-Quiz Choices

Mean (Median) Surpise-Quiz Choice

Merlo-Schotter–1999 51.33 (50)

Merlo-Schotter–2003 Doer: 51.06 (50)

Observer: 40.65 (37)

Iyengar-Schotter–2002 Doer: (No Cost) 31.20 (39.5)

Advisor: 43.35 (43)

Doer (Costly Advice): 36.1 (37)

Advisor: 33.52 (38)

follow this advice or not but in one treatment is penalized for not doing so with a
quadratic penalty function based on the difference between the action chosen and the
action advised. In another treatment no penalty is assessed for not following advice
(it is simply cheap talk). The advisor’s payoff is equal to 3/4’s of that of his advisee.
After the initial 75 round experiment run in this manner, both he adviser and advisee
are separated in given surprise quizzes. These experiments are summarized in
Table 6 below:

It appears as if the process of giving advice and receiving greatly enhances
the decision-making abilities of the Iyenga and Schotter subjects. Table 7 presents
the mean choices of our subjects in the surprise quiz rounds in each of our four
treatments.

In the MS (1999) experiment subjects performed our task alone without either an
advisor or a spectator looking over their shoulder. In that experiment, as was true in
the Merlo-Schotter (2003) experiment where subjects did the experiment with a
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spectator looking over their shoulder, subjects appeared to fail to learn where the
peak of the payoff function was. In those experiments the mean and median surprise
quiz choices of subjects who did the experiment for 75 rounds was 51 and 50,
respectively.

The interesting result found in the MS (2003) paper was that while those who did
the experiment failed to learn, those who watched them did quite well having a mean
and median surprise-quiz choice of 40 and 37 respectively. In other words, watching
was a better learning experience than doing; hence the title “Leaning by Not Doing”.
A median test rejects the hypothesis that 37 is the median of either the MS (2003) or
MS (1999) doer choices but fails to reject the hypothesis that 37 was the median
choice of observers in MS (2003). The message of these papers is that people fail to
learn appropriately when they repeat experiments in which they receive payoffs after
each period and the task is repeated often.

Iyengar and Schotter (2002), however, reported a remarkable result, namely, that
the process of giving advice enhances the learning ability of both type-A and type-
P subjects. For example, in the Costly-Advice experiment the mean and median
choices of the type-A and type-P subjects were 36.1 and 37 for the type-A subjects,
and 33.5 and 38 for the type-P subjects, respectively. Neither of these medians
is significantly different from 37 using a median test at any meaningful level of
significance ((p ≤ 1) for the type-A agents and (p ≤ .648) for the type-P subjects).
For the No-Cost Advice experiment, the situation is slightly different. Here the mean
and median choices of the type-A and type-P subjects were 31.28 and 39.5 for the
type-A and 43.35 and 43 for the type-P subjects. Only the type-A subjects had a
median that was not significantly different from 37. For the type-P subjects we had
to reject that hypothesis at the 2% level.

However, while this might indicate that advisors whose advice was ignored did
not learn as well as those who received this advice (which they were at liberty to
ignore), the type-P advisors still learned better than those in the MS (1999) and
(2003) experiment who actually did the experiments. For example, a Wilcoxon test
indicates that we can reject the hypothesis that the sample of type-P surprise quiz
rounds came from the same population as either those of the subjects in MS (1999)
(p ≈ 0) or the doers in MS (2003) experiment (p ≈ 0).

Another feature of the learning experience subjects have when advice is given is
that advice seems to diminish the number of subjects who choose dominated strate-
gies. For example, in the surprise quiz rounds of all four experiments (where there
are no disagreement costs) any choice of 65 or more is dominated by choosing 0.
While in MS (1999) 10 out of 24 subjects chose a dominated strategy in their
surprise-quiz round and in MS (2003) 9 out of 31 doers did so, in our No-Cost
Advice experiment only 1 type-P subject and 1 type-A subject made dominated
choices. In other words, there were only 2 out of 28 such choices. For the Costly
Advice experiment, the results are the same. Only 1 type-P subject and no type-A
subjects made surprise-quiz choices strictly greater than 65. This is a very strong
difference indicating that these subjects clearly learned some minimum lesson that
seemed not to be learned by others in the No-Advice treatments.
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The punch line then is that learning is fostered when advice is given even if there
is no cost for ignoring it. Those who learn well are both the people who give the
advice and those who receive it.

It is relevant to point out here that it appears that subjects have a hard time learn-
ing in environments where decisions are repeated and subjects rewarded for each
choice at the end of every round. However, it is precisely these type of environments
that exist when people function in markets and make choices repeatedly which are
reinforced by an immediate payoff. Hence, we feel that our results have direct
relevance to learning in market environments and the beneficial aspect of social
learning or advice giving in them. (Stock brokers may not be that bad after all.)

The reason why we feel that advice giving and receiving facilitates learning is
that the process of giving advice seems to focus the attention of advisers on the
problem at hand in a manner that leads to greater learning on their part. Subjects
seem to learn better when they give advice and when they receive it. We think this
is true because giving and accepting advice causes decision makers to not only think
through the problem another time but to do so in a manner different from the way
they do when they are making decisions alone.

This result offers a possible explanation of why it is advantageous to follow
advice when it is offered and why advice is better than actions. The reason is that we
can expect subjects to learn better when they give advice and that advice is therefore
worth listening to. The process of advice giving makes us think about the problems
facing us differently than we tend to do when we are actually engaged in them.

6. WEAK-LINK GAMES WITH ALMOST COMMON KNOWLEDGE

All of the above experiments are ones where subjects receive private advice from
one and only one predecessor. However, in many situations we get advice from
several or many people and this advice is many times public. To investigate the role
of advice in these situations, Chaudhuri, Schotter, and Sopher (2002) study what
Van Huyck, Battalio, and Beil (VBB) (1990) have called “the Minimum Game”
whose payoff structure is presented in Table 8.

This game is generated by a situation in which a set of agents choose an integer
from the set ei � {0, 7}, i = 1, 2, . . . , n. The payoff to each agent, i, is equal to
π i = a + b{min(e1, . . . , en)} − c(ei), where a, b, c > 0 are constants. If a = $0.60,
b = $0.20 and c = $0.10, we get the matrix defined above.

In this game all outcomes in which all agents make the same choice are equilibria
but the best equilibrium outcome for society is where all choose 7 while the worst is
where all choose 1.

When Van Huyck et al. ran this game with groups of 14 or 16 they all quickly
converged to the worst all-1 outcome and this result is remarkably robust. Groups
tend to choose the worst outcome for themselves.

Now think of this game being played as an inter-generational game with advice.
Here, one might expect that if agents in generations could talk to each other they might,
even when their generation has failed to make the correct decision, give advice to
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Table 8. Payoff Table in VBB’s Minimum Game

Minimum Choice of Others

7 6 5 4 3 2 1

7 1.30 1.10 0.90 0.70 0.50 0.30 0.10

6 – 1.20 1.00 0.80 0.60 0.40 0.20

5 – – 1.10 0.90 0.70 0.50 0.30

Your Choice 4 – – – 1.00 0.80 0.60 0.40

3 – – – – 0.90 0.70 0.50

2 – – – – – 0.80 0.60

1 – – – – – – 0.70

the next generation that instructs them to learn from their mistakes and choose higher.
That is, we expected that subjects would tell their laboratory offspring, “Do as we
say but not as we did”. This intergenerational talk, we expected might be able to
allow subjects to “talk themselves to efficiency” and achieve optimal outcomes.

6.1. Did Advice Improve Welfare?

Chadhuri, Schotter, and Sopher (2002) find that it was much harder for societies
to “talk themselves to efficiency” than they expected. More precisely, they find that
efficient (all choose 7) outcomes emerge only in circumstances where advice is
not only public (in the sense that all advice from a previous generation is offered to
each successor in the next generation) but its publicness is common knowledge
(in the sense that it is read aloud for all members of a generation to hear). Private
advice between a predecessor and his or her successor or even public advice that is
shared (i.e., all players in generation t are given a sheet specifying each piece oft
advice offered by the members of generation t − 1 and all subjects know that all
others have been given the same sheet) but not read aloud does a poor job of raising
the minimum.

Figure 6 exhibits the period-by-period minimum choices of subjects for five experi-
mental runs, three of which are inter-generational games run with either advice
only, advice plus last period’s history (i.e., the ability to see what happened in each
of the 10 rounds of the previous generations experience) and public advice. (There
are 8 subjects in each group). The other two are the VBB (1990) results and the
results of an experiment run to replicate them in our lab for comparison purposes.
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These are called the replicator experiments and have neither advice nor history
available.

As can be seen in Figure 6, the behavior of group minima in the VBB, our No-
Advice, and all private advice experiments is dramatic. In all of them, the minimum
converges to 1 by at least the fourth round. Our remarkable finding is that efficient
all-7 outcomes become possible only when people have access to public advice
that is also common knowledge. The discontinuity of behavior as we move from
Almost-Common Knowledge (generations 1–5 of the Public-Advice Treatment) to
Common Knowledge (generations 6–9 of the Public-Advice treatment) was unex-
pected but extremely suggestive of what type of information may be needed to get
people to cooperate.

These experiments are extremely suggestive, implying that when we want groups
of people to act in a coordinated manner in situations where they need to trust each
other, the form in which the advice given is crucial. Private advice tends to make
things worse – people advise their offspring not to be suckers and to watch out for
numero uno. Public advice can help but only when it is common knowledge and all
have faith that each other has not only heard the public advice but knows that others
have heard its and that others know that they know that it was heard ad infinitum.

7. CONCLUSION

This paper has surveyed a number of papers all of which have investigated the
impact of advice on decision-making. In general, this advice is offered by decision
makers who are only slightly more experienced in the task at hand than are the
people they advise. We call such advice “naïve”. Despite this lack of expertise we
find a number of results.

First people tend to follow the advice offered to them. This is seen in a number
of ways. For example, in Ultimatum and Trust Games the amounts of money sent

Advice Only
No Advice

VBB
Advice+History

Public Advice
0
1
2
3
4
5
6
7

Minimum Chosen

Generations

Treatments

Advice Only

No Advice

VBB

Advice+History

Public Advice

Figure 6. Behavior of the Minimum Across All Treatments.
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from the senders to the receivers is remarkably close to the amounts these subjects
are advised to send. In coordination games, subjects tend to choose the action they
are told to even when that advised action differs from that action that constitutes a
best response to their beliefs about their opponent (which we elicit).

Second, not only is advice listened to and followed but it tends to change
people’s behavior. Games played with advice are played differently than those same
games played without it. In addition, efficiency is generally higher when games are
played with advice. This is true in coordination games where subjects tend to co-
ordinate more often, in social learning tasks where advice increases the incidence of
herds and cascades but always on the right decision, in one-person learning tasks,
and finally in the Minimum Games when advice is public.

Finally, we feel that the reason why advice is so beneficial is that it forces
decision makers to look at the problem they are facing in a more detached manner.
The act of giving advice forces one to rethink the problem at hand while the act of
receiving advice forces one to evaluate the advice that is given. Both endeavors lead
a decision maker to take a more global approach to the problem and help a decision
maker see the forest for the trees.

There are many things left undone in this research program. For example, we
have ignored the process of advisor expertise. Many times the decision of whether to
follow advice or not depends on the reliability of the person giving it. In our experi-
ments this quality is suppressed. However, we do point out that even bad advice can
be beneficial if it forces the person receiving it to sit down and think of the reason
why it should be ignored. Second, there are many reasons to follow advice that have
nothing to do with its informational benefits. For example, following advice can
absolve a decision maker of the blame that results when decisions turn out badly.
Many times the rationale for hiring experts is not that their opinion is so valuable
but rather the act of hiring an expert can be used by a business executive to justify
the process upon which his or her decision was made. These extensions and many
more will have to be postponed for future research.

NOTES

1 We use a non-overlapping generation structure and not an overlapping generations one because in most
overlapping generation games of this type (see Salant (1991), Kandori (1989), Cremer (1986)) coopera-
tion is achieved by each generation realizing that they must be nice to their elders since they will be old
one day and if the current young see them acting improperly toward their elders, they will not provide
for them in their old age. The analysis is backward looking in that each generation cares about the
generation coming up behind them and acts properly now knowing that they are being observed and
will inter-act directly with that generation. In this literature, folk-like theorems are proven if the length
of the overlap between generations is long enough. In our work, however, generations never overlap.
What they do is hope to behave correctly so that their children will see them as an example and act
appropriately toward each other. Since they care about their children, adjacent generations are linked
via their utility functions but not directly through strategic interaction. Hence, our model is a limiting
type of overlapping generations model where the overlap is either minimal or non-existent.

2 Except for the use of advice and the inter-dependence of our generational payoffs, our game shares
many of the features of the procurement games of Jackson and Kalai (1997).
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3

Regression of Amount Sent on Advice Dummy

Coeff. t-test Prob. > t>

Dependent Variable: Amt. Sent

Dummy (1 if advice allowed) −13.18 −2.98 .00

Constant 40.18 10.82 .00

Model F Stat (ProbF > F) 8.90 (.00)

Adj. R-Squared .03

N 225

4 Banerjee (1992) and Bikhchandani, Hirshleifer and Welch (1992) introduced the basic concepts and
stimulated further research in this area. For surveys see, Gale (1996), and Bikhchandani, Hirshleifer and
Welch (1998). Chamley (2003) discusses the different models of social learning and the relations
between the different results.
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Abstract

Ever since Camerer and Weigelt (1988) concluded in their important experimental
work that “sequential equilibrium describes actual behavior well enough,” we
might be tempted to use this theory confidently in various domains. To assess the
robustness of the above conclusion, the present study attempts to explore Bayesian
updating in a bilateral negotiated sale setup injected with a whiff of an ultimatum
aroma. We conclude that the ultimatum nature of the basic game tends to over-
whelm rational behavior on the part of the sellers and that buyers are not cognizant
of favorable prices occurring later in the game.

1. INTRODUCTION

Ever since Camerer and Weigelt (1988) concluded in their important experimental
work that “sequential equilibrium describes actual behavior well enough,” we might
be tempted to use this theory confidently in various domains. The present study
explores Bayesian updating in a bilateral negotiated sale setup injected with a whiff
of an ultimatum aroma, in order to assess the robustness of the above conclusion.

It is quite natural for people or institutions to misrepresent their true nature in
pursuit of gaining some benefits which otherwise could not be attained. To mis-
represent one’s true nature is to act as someone or something else – thereby creating
confusion on the true identity of the actor.

Situations in which a party may have an incentive to misrepresent are prevalent:
business-to-business suppliers supply in the present and expect to be paid in the
future; credit card issuers rely on credit card holders to pay for their purchases.

© 2005 Springer. Printed in the Netherlands. 
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These are just two examples. Whether a business or an individual is likely to mis-
represent depends on the situation and, perhaps, on the law.

Although misrepresentation may touch on questions of the law (for example, the
energy company Enron, that borrowed huge sums of money based on a complicated
web of holding companies although the chances of the company paying back the
loans were very small), there are situations in which misrepresentation may only be
a matter of benign convenience and opportunity as the framework explored in the
present paper will clearly show.

Bargaining appears to be a natural scenario for misrepresentation because reputa-
tion is important. Feigning toughness for a sufficient length of time may convince
the opponent in the bargaining to relent because of the cost incurred. Raiffa (1982),
in his classic The Art and Science of Negotiation, writes that although repeated
bargaining is often done cooperatively, this is not always the case, especially when
there is information disparity between the two sides. “With repetition, a negotiator
might want to establish a reputation for toughness that is designed for the long-term
rather than short-term rewards” (p. 13). To be successful in this attempt, toughness
needs to be communicated in some way to sow the seed in the opponent’s mind that
the toughness is real.

2. THE MODEL

The basic setting for this study includes a buyer and a seller. The buyer is one of two
types: low cost (L) and high cost (H). In the current version of the experiment, this
is operationalized as the low or high costs related to the seeking of an alternative
supplier for an identical product that the seller proposes to sell. Upon receipt of the
proposal to sell the product at a specific price, the buyer may accept it and thus
terminate the transaction, or opt to search at a cost, c, for a better price by another
supplier. The search for another supplier is always successful; however, the price
may be better or worse than the current one proposed by the present seller. If the
buyer elects to search, she abandons the opportunity to purchase the unit at the
original seller asking price and is committed to pay the “searched” price even if it is
higher than the current asking price (i.e., this is a no recall environment). A specific
example is a bakery that can not roll over baked goods from one day to the next and
the described encounter takes place just prior to closing. A buyer comes in and the
baker is making a take-it-or-leave-it offer of price p for a cake. If the buyer accepts
the offer the sale is conducted, otherwise, if the buyer rejects the offer the baker
disposes of the cake and closes the shop. The buyer in this case is searching for the
lowest available price elsewhere, incurring the search cost, and purchase the cake at
that price. In general, the no recall environment allows for the negotiation to re-open
if the buyer returns from an unsuccessful search. Presumably, the buyer’s bargaining
position in this case is much weakened. The seller is characterized by uncertainty
about the real nature of the buyer. Obviously, a buyer with a known low cost would
extract a better price than one characterized by a high search cost. Hence, regardless
of her type, a buyer always has an incentive to be known as a low-cost type. As a
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result, the buyer’s “telling” of his type is useless because it cannot be trusted. The
only way a low-cost search buyer can reveal her true identity is by behaving in a
such a way that it is inconsistent with her being a high-cost search buyer. In our
case, this can be achieved by the buyer’s willingness to reject low price offers. In
this way, the buyer behaves as if she has a low search cost and thus can eventually
creates a reputation for being a low-cost buyer.

2.1. The Bargaining Game

There are two players: a buyer and a seller. The seller possesses five units of a
product that he intends to sell to the buyer in five periods, one unit in each period.
The buyer is known to the seller to be one of two types: H or L. Initially, the degree
to which the seller believes that the buyer is of type L is 0 L ≤ π ≤ 1. The search cost
in buying the product is 0 if the buyer buys the product from the current seller.
Otherwise, if the buyer does not purchase the product from the current seller, she
needs to search for it at a cost c = h or c = l (h > l) corresponding to her type.
A search means a realization of a random variable D having a uniform distribu-
tion on the interval [0, 100]. Thus, when the seller considers a price offer, p, he
needs to assess the expected price and the cost that the buyer incurs in case the
offer is rejected. The profit for the buyer is 100 − p when the price is accepted and
100 − D − c otherwise. Thus, the buyer has 500 pay units at his disposal and she
wants to minimize the total price over the five periods of the game with the same
seller. The seller’s profit from each period is the price he can obtain for the unit. A
failure to sell the product in a period results in zero profit for this period. The seller’s
goal is to maximize the total revenue over the five periods. All the information as
described above is commonly known to the participants.

2.2. The Equilibrium

The equilibrium of the game described above is very similar to that of the game
described by Kreps and Wilson (1982) and also to that of the one described by
Camerer and Weigelt (1988). We will only describe the equilibrium path here. The
details and the derivation of the equilibrium can be found in Lee (2000).

Let pH and H pL be the prices that make the high- and low-type buyers indifferentL

between searching and not searching. That is, pH = −h + [100 − E(D)] and pL = −l +
[100 − E(D)], where E(D) is the expected price if the buyer searches. Let πt be thet

seller’s belief at Period t about the probability that the buyer is a “low-cost buyer”.t
Notice that we count the “periods” backwards. That is, in period t, there are t periods
left. Furthermore, let θ t = [(pH − pL)/p/ H] t. Then, in equilibrium, the seller offers pL

until the first time that πt becomes lower thant θ t, at which time the seller offers pH

until the last period. The low-cost buyer accepts pt = pL and rejectsL pt = pH. The high-
cost buyer accepts pt = pL with probability one and rejectsL pH with probability H βt ift

she has not yet accepted any price greater than pL. If the high-cost buyer has accepted
a price greater than pL earlier, she acceptsL pH with probability one. Here,H βt satisfies:t
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3. THE EXPERIMENT

3.1. Method

3.1.1. Subjects
Two hundred and forty male and female subjects, who were mainly undergraduate
business students at the Hong Kong University of Science and Technology, in groups
of 24 students per session, participated in a session that lasted about 60 minutes.
Subjects were recruited through advertisements placed on bulletin boards on campus
and made during class announcements. The announcements promised monetary
reward contingent on performance in a bargaining study.

3.1.2. Experimental Design
Each of the bargaining games consisted of five periods in which the same players
bargained on a surplus of HK$1001 in each period with an uncertain outside option
for the buyer uniformly distributed on the range [0, 100] using the trading rules
described above.

We used a 2 (High search cost) × 5 (Degree of belief ) × 8 (trials) design. The
first two factors were between subjects and the last was within subjects. In all
sessions the level of the low search cost was fixed at $5 (a commonly known fact).
The high search cost was either $10 or $45. The prior belief about the buyer being a
low-cost type was 0.00, 0.01, 0.05, 0.10, or 0.50.

Subjects assumed the same role (a buyer or a seller) in all eight trials in a session
and faced different anonymous opponents on each trial. Obviously, the five periods
of each trial were played by the same buyer and seller.

During each trial, the seller was asked to sell five indivisible goods, one in each
period. The goods had no value to the seller except their selling prices. The value
of the good to the buyer was $100. The bargainers knew both reservation prices.
Before the beginning of each trial the computer randomly selected the buyer’s type
based on the known probabilities of each type. Of course, the buyer was informed
of her type, whereas the seller only knew the sampling probabilities. Once sele-
cted, the buyer’s type was fixed for the five periods duration of the game. The
game proceeded as follows: at the beginning of each period the seller announced a
selling price for the good (the asking price). The buyer then had the following
options:

1. Accept the asking price, thereby terminating the period.
2. Search for an alternative price. In this case, the buyer had to pay a search cost,

and a price was randomly generated (the outside offer) from the range [0, 100].
The price generated through the search (if any) was known to both bargainers.
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After learning about the outside offer, the buyer must accept this offer, thereby
terminating the period.

At the end of each period, the buyer was informed of her profit as well as that of
the seller. The seller was informed of his profit and that of the buyer’s profit if the
buyer accepted the seller’s asking price, or the buyer’s profit up to the uncertainty as
to the buyer’s search cost if the buyer decided to search (i.e., the buyer’s profit was
presented to the seller as “outside price – search cost.” Whereas outside price was
explicitly specified as a number, the search cost was understood to be the unknown
buyer’s type and as such was literally presented as “search cost”). After the profits
were presented the game proceed to the next period, unless it was the last (fifth)
period, whereas the game was terminated.

The subjects interacted in a computer laboratory arranged in such a way that it
was impossible for the subjects to know with whom they were negotiating or to
see each other’s screens. Asking prices, acceptances, and searches (including their
outcomes) were transmitted through computer terminals. No other communications
were allowed.

Throughout the experiment, the subjects were informed of every known char-
acteristic of the game being played. Moreover, the known dynamic aspects of the
settled and searched prices (during the five periods of each game) were registered
in a history log and were clearly visible on the screen for the duration of the game.

The subjects were informed that they would be paid their net payoff from one
randomly selected game (cumulative over the five periods). In addition, each sub-
ject was paid $10 for participation. On the average, subjects earned $73.64 for
a session2.

4. RESULTS

4.1. Data Consistency

The data includes 4,800 plays of the same basic game arranged in 10 sessions,
covering 960 plays of the repeated game.

Subjects knew that searching will result in a randomly drawn price from the
interval [0, 100] and that within this interval every price is “equally likely”. That is,
the expected search price was 50. If we add the commonly known minimal cost to
pursue the search (5) or the maximum possible cost to search (45), we arrive at
the fundamental conclusion, which requires no deep thinking or understanding,
that asking prices (demands) should be no less than 55 and no more than 95.

Inspecting the data for coherence, we find two anomalies, one minor and one
major:

• There are two unusual price demands of 553 and 47,055. These are beyond the
range of the upper bound of the random search price, and are also beyond any
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reasonable demand. The seller’s computer interface allows entering a price ex-
pressed in dollars and cents, but it was the seller’s task to enter the decimal point.
However, the interface failed to alert sellers to unusual demands such as we have
here. We believe it reasonable to assume that subjects miss writing a decimal point
and intended to demand 47.55, and 55.3, respectively.

• A total of 3006 demands (close to two-thirds of all the plays) were below the
lowest reasonable price demand of 55, 1673 of them below 50.

Table 1 presents the number of price demands below several cutoff points:

Table 2 presents the frequencies of demands below the minimum expected
demand of 55 in the ten experimental conditions.

The two distributions presented in Table 2 shed light on the problem. These
demands, although irrational, are consistent (column-wise) with the fact that the
frequency of price demands below 55 is lower when h is 45 than when it is only 10.
Thus, when the real higher bound is likely to be higher than 60, subjects tend to
deviate from the lower bound of 55 less often. Or, in other words, when the real
higher bound is likely to be higher, subjects tend to make higher price demands
more often.

Table 1. Distribution of prices below the lower bound price demands

Cutoff < 50 < 45 < 40 < 35 < 30

Count 1,673 882 448 212 75

Table 2. Frequency of demands below 55

High Search Cost (H)

π 45 10

0.00 185 433

0.01 143 320

0.05 273 434

0.10 168 399

0.50 228 423
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4.2. Typical Demands

Given the high level of irrational behavior, which is further accentuated when one
takes into consideration mild risk aversion, there is little surprise with the following
results.

We next look at the mean behavior. Recall that in each experimental condition
(i.e., crossing the seller’s five levels of initial belief about the buyer’s type with the
two levels of the high search cost) consists of 12 pairs of subjects in fixed roles
(buyer or seller) playing eight bargaining games. Each bargaining game consists of
five periods in which a fixed pair plays the price-taking game as set by the seller.
The buyer may rebuff the seller by irrevocably opting for an outside alternative
through searching (at a cost).

In order to stabilize the data, we consider the median price demand of any given
seller over the eight repetitions of the plays he participated in during the session and
in each period (1–5). This eliminates the possible effects of extremely small or
extremely high demands.

Table 3 presents the means of these medians over the 12 sellers in each session,
by initial sellers’ beliefs (π), high search cost (π H), and period.

For comparison, Table 4 presents the equilibrium price demands, assuming risk
neutrality.

By observing the equilibrium price demands in Table 4, we notice the following:

1. For π = 0.00, the price demand in each period should be higher when H = 45 than
when H = 10.

2. For π = 0.50, the price demand in each period should be the same no matter
whether H = 45 or H = 10.

3. For π = 0.01, 0.05, and 0.10, the price demands are generally lower in the earlier
periods than in the later periods (they go up from 55 to either 60 or 95).

Table 3. Mean medians price demands

π→ 0.00 0.01 0.05 0.10 0.50

H→ 45 10 45 10 45 10 45 10 45 10
Period

1 56.8 46.8 61.1 52.6 51.2 43.2 56.0 46.6 53.6 49.1

2 56.5 45.8 59.9 49.9 51.8 43.2 56.6 46.0 54.7 49.8

3 56.2 45.9 59.6 49.5 53.2 43.8 56.5 45.2 55.4 49.5

4 55.8 47.2 60.7 51.2 53.4 42.7 56.7 46.5 55.3 49.6

5 56.0 47.3 60.0 50.8 53.5 42.2 56.5 45.6 55.0 49.4
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Table 4. Equilibrium price demands

π→ 0.00 0.01 0.05 0.10 0.50

H→ 45 10 45 10 45 10 45 10 45 10
Period

1 95 60 95 55 55 55 55 55 55 55

2 95 60 95 55 55 55 55 55 55 55

3 95 60 95 55 95 55 55 55 55 55

4 95 60 95 55 95 55 95 55 55 55

5 95 60 95 60 95 60 95 55 55 55

The most striking observation from the data presented in Table 3 is the stability
of the means over the five periods. The subjects do not learn! As mentioned in point
3 above, one would have expected some change as the seller learns about the buyer.
We do not show it here, but this stability is also noted at the individual levels.

In Table 3, the first two columns on the left describe behavior under the well-
known ultimatum conditions (Güth et al., 1982). The results deviate markedly both
from rational expectation on the one hand and from traditional ultimatum results on
the other hand, in which one expects about 2/3 of the range to be given to the seller.
This translates to price of about 97 and 86.

The rest of the columns show that, except for one case (the Period 1 demand of
61.1 when π = 0.01 and H = 45), all means are outside the rational interval. This
again shows that rational Bayesian behavior is far too much to expect. It seems that
subjects frame the situation they are in quite differently.

The only understandable aspect of Table 3 is the relation between correspond-
ing columns members under equal π. For a givenπ π, the higher the search cost, theπ
higher the mean price demand. However, this is a very weak prediction. It is also
compatible with the corresponding number of deviations from the rational interval of
prices, as we have seen above.

4.3. Behavior Change

We next look at the relations between price demands and acceptance behavior.
Consider the correlation between the search behavior and the price demand. We
code the search as 1 if the buyer searches and 0 otherwise. Table 5 presents the
correlations between search behavior and price demand by the conditions of the
experimental design, except that we collapse the data from periods 2 to 5. The goal
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Table 6. Search counts

π→ 0.00 0.01 0.05 0.10 0.50

H→ 45 10 45 10 45 10 45 10 45 10
Period

1 35 34 38 47 28 45 26 41 39 18

2 26 26 27 37 24 40 18 30 34 23

3 25 31 25 35 27 35 22 37 38 24

4 25 31 24 39 26 34 20 30 33 28

5 11 30 25 37 15 30 13 41 34 24

is to observe if there is any change in the response behavior between the beginning
and the rest of the game.

We do not test any formal significance. It is quite noticeable that (a relatively)
high price demand is met with a tendency for the buyer to decide to search since all
correlations are positive. This is, of course, not an indication of formal updating,
since, as we have seen, most demands should have been accepted anyway.

Table 6 shows the total number of searches in each period by π and π H. The base
is always 96 games played in each cell. We see that buyers initially tend to reject
and search. This seems less natural when the buyer is equally likely to be weak or
strong (the last two columns when π = 0.50).

5. DISCUSSION

We divide our discussion into two parts: the sources of difficulties in playing the
game “correctly” and some modeling issues. The latter arises from the observation
that sellers violated the most basic prediction of the rational model, even when there

Table 5. Correlations between search behavior and price demands

π→ 0.00 0.01 0.05 0.10 0.500.01 0.05 0.10

H→ 45 10 45 10 45 10 45 10 45 1010 45 10 45 10 45 10 45
Period

2–5 0.300 0.297 0.286 0.187 0.271 0.235 0.156 0.364 0.203 0.0870.300 0.297 0.286 0.187 0.271 0.235 0.156 0.364 0.203

1 0.442 0.413 0.504 0.510 0.330 0.457 0.440 0.563 0.474 0.3640.442 0.413 0.504 0.510 0.330 0.457 0.440 0.563 0.474
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was no uncertainty as to the buyer’s type (π = 0). Since sellers’ asking prices were
so low vis-à-vis the rational prices, buyers were “deprived” of the opportunity to
strategically reject prices in early rounds in order to manage the seller’s beliefs about
the their type. The low asking prices were akin to the seller stating that he believes
that the buyer’s search cost is low, even though the objective probability of a low-
cost type was much less than 50% in most cases.

5.1. The sources of difficulties in playing the game “correctly”

We have seen that even superficial analysis of the bargaining game allows us to
conclude that there is only meager evidence to indicate some support for rational
behavior in this setting (see the correlation data above). Of course, what is rational is
not absolutely clear. Let us check our assumptions again. The bargaining interval,
which is the interval in which price demands must fall in order to satisfy the min-
imum price that the seller may demand and the maximum price beyond which the
buyer will not settle, was derived from the distribution of the search price. The
derivation assumes that it is common knowledge that all participants are risk neutral.
The existence of a commonly known bargaining interval assumes that the particip-
ants would rather gain more than less out of playing the game.

Now we expressly admit that there is no reason in terms of game theory to require
the players to figure out the bargaining interval in such a complex manner. We know
that an average person’s understanding of probability has its limitations, which may
have nothing to do with game behavior. In our setting, in addition to the strategic
uncertainty and the uncertainty (from the seller’s point of view) as to the buyer’s
type, a third layer of uncertainty existed as to the realization of the actual outside
price. We now believe that this added complexity might have unnecessarily clouded
the strategic nature of the game. In fact, a next iteration of this experimental program
intends to simplify the bargaining game by eliminating the probabilistic nature of
the outside option. Consider, for example, a game similar to the one we have imple-
mented except that the unknown (to the seller) buyer’s type is characterized by her
outside option. Now the bargaining interval is easy to figure out! Any solution of the
original game is a solution of this proposed one. Eliminating one source of uncer-
tainty might re-focus subjects’ attention on the reputation nature of the scenario.

Another problem is hinted at by the extreme case when π is 0. In this case,π
the game is simply an ultimatum game with an uncertain outside option to the
responder. This game was investigated by Zwick and Lee (1999) in their No Recall
condition. They report that the classical game-theoretical model can account for
some (but not all) of the behavioral regularities. In line with recent develop-
ments in behavioral decision theory and game theory, which assume bounded
rationality and preferences over the relative division of a surplus, Zwick and Lee
(1999) found that subjects followed simple rules of thumb and distributional norms
in choosing strategies, which are reflected in the behavioral patterns they observed.
We know that ultimatum games are notoriously difficult to play rationally. Some
of the other π values in our design may not be sufficiently different from 0. So,π
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the framing of the bargaining situation with an ultimatum skeleton obviously, in
hindsight, makes our data difficult to interpret.

It is not clear how to re-frame the game to avoid the ultimatum aspect. One way
is to change the number of periods played and the information given to the seller.

5.2. The Modeling Issues

Needless to say, the rational reasoning discussed in the introduction is not sufficiently
powerful or intuitive to derive behavior in practice. In fact, the game we described
requires some elaboration and additional scaffolding to obtain more natural predic-
tions. To see why the data are not sufficient, we note that if we assume that the buyer
may only choose to accept or search by some deterministic rule, we know that this
rule must obey the property that if she accepts any price, then she must accept any
lower price. And since the buyer is one of two types, once she accepts a price not
on the boundary of the bargaining interval, she reliably signals her identity as a
high-cost buyer. Since a deterministic rule is not sufficient to uncover what seems to
be natural behavior, a probabilistic rule is one approach to enrich buyer’s behavior.

One such operationalization is given by Lee (2000), except that in his approach
both the buyer and the seller are equipped with probabilistic strategies. In any
approach that relies on such rules, both players need to be commonly cognizant of
the extension to the given game. So, aside from the computational complexity, the
players need some common understanding of the extension. But are these “com-
putational complexities”? In the 1960s, in a prelude to Kahneman and Tversky’s
work that initiated the heuristics and biases approach to decision theory, it was
discovered that quite consistently humans are notoriously conservative in updating
their degrees of belief (Edwards, 1968). Now, the work of Lee, as well as others,
that relies on mixed extensions of sequential games also relies explicitly on Bayesian
updating. While the experimental work discussed by Edwards (1968) explicitly
described the probabilistic scenario in which people fail, the modeling in this case is
implicit and the players need to commonly agree upon their existence and then update.

We conjecture that, in a plainer environment, one can at best expect that people
are quite a bit slow in achieving the reputation they desire. But at least this may be
experimentally attainable.
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