FEEDBACK COMPLEXITY AND MARKET ADJUSTMENT:
AN EXPERIMENTAL APPROACH

by

Christian Peter Erik Kampmann

M. Sc. Eng., Technical University of Denmark
(1982)

SUBMITTED TO THE DEPARTMENT OF
MANAGEMENT
IN PARTIAL FULFILLMENT OF THE REQUIREMENTS
FOR THE DEGREE OF

DOCTOR OF PHILOSOPHY
at the

Massachusetts Institute of Technology
May, 1992

© Christian E. Kampmann, 1992. All rights reserved.

The author hereby grants to MIT permission to reproduce and to
distribute copies of this thesis document in whole or in part.

Signature of author _________ e Mol b e

Departmé;{\‘t of Management May, 1992

Cerﬁﬁed bY e gl = T N= AN AN e L T e ——

John D. Sterman, Professor of Management
- Thesis Supervisor

Acceptedby _ _,___,_ ____.__ e
ES‘ James Q Orlin, Chairman, Ph.D. Committee
"ARCHIVES Department of Management
MASSACHUSETTS INSTITUTE
OF TECHNOLOGY

MAY 19 1992 -1-

[ SO RV






To Heather






FEEDBACK COMPLEXITY AND MARKET ADJUSTMENT:
AN EXPERIMENTAL APPROACH

by

Christian Peter Erik Kampmann

Submitted to the Department of Management on May 1, 1992 in partial
fulfillment of the requirements for the degree of Doctor of Philosophy.

ABSTRACT

Recent research on human behavior in dynamic settings has revealed a set of
common "misperceptions of feedback" that cause performance in dynamics'
systems to deteriorate dramatically in the presence of lags, stock
accumulations, side-effects, and non-linearities. Yet these findings have not
been tested in a market environment. At the same time, studies in
experimental economics have demonstrated that the precise form of the
price-setting institution has significant effects on market behavior, even
where such institutions are essentially equivalent from a neoclassical
perspective.

This thesis explores the relationship between feedback structure and market
behavior by observing human subjects in six experimental markets,
involving two alternative feedback structures: a complex condition with a
three-period lag in production and a multiplier effect on industry demand
and a simple condition without these elements, and three alternative price
regimes: fixed prices, where market imbalances accommodated by
inventories, posted prices, where each firm sets its own price, and clearing
prices, where the market-clearing price vector is found by the computer.
While neoclassical economic theory would predict virtually no differences in
the performance and behavior accross the six experimental conditions, a
behavioral perspective predicts large and systematic differences.

The results conform to the behavioral predictions: Performance, relative to
optimal, is substantially lower in the complex markets, and the effect is largest
under fixed prices and smallest under clearing prices. Market institutions can
therefore substantially affect and ameliorate the problems observed in non-
market experiments, but their ability to do so depends critically on the
efficiency of the price system. Conversely, feedback structure can have
substantial effects on market behavior beyond what neoclassical theory
predicts.

While markets in the simple conditions show no systematic dynamic
behavior, markets in the complex conditions all show characteristic patterns
of oscillation (in the fixed- and posted conditions) and an initial overshoot
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followed by gradual settlement to equilibrium (in the clearing condition).
Subjects' decisions were fitted to simple decision rules, which were then
embedded in a simulation model of each market. The simulation models
successfully reproduced the essential features of the observed behavior, thus
providing an explicit link between a micro-level description of individual
agents' behavior and the macro-level market behavior.

Thesis Supervisor: Dr. John D. Sterman

Title: Professor of Management



ACKNOWLEDGEMENTS

My thanks must first go to Heather, my loving and patient wife, whose
constant support and unshakable faith has made all the difference and to
whom I dedicate this work. Through the many years of my work on this
thesis, she never once uttered a word of doubt that I would finish. During
that time, she created a beautiful home for us, completed her own doctorate
degree, gave birth to our two children, and put her own career on hold while
waiting for me to finish. With a force like that in your life, how can you not
be inspired and encouraged.

Next, I must thank John Sterman for his genuine engagement and deep
interest in my work. His intelligence and wit is widely appreciated, but
beyond that, I have come to know him as a warm and caring person who
shoulders his many obligations with great patience. Thanks also to Bob
Solow and John Carroll for their valuable comments and suggestions and
their careful reading of my work.

Throughout my stay at M.LT., I have benefitted from the support and advice
of friends and colleagues at the System Dynamics Group. Iam indepted to all
of them. Two people in particular have meant a lot to me. Paul Andreassen
devoted much time to discussing my work, and both I and the other doctoral
students in the group have learned much from him. Bent Bakken, with
whom I shared an office for several years, have provided constant si-pport
and patiently read all my drafts. Our acquaintance has developed into a deep
and lasting friendship.

My thanks also to Erik Mosekilde and his group at the Technical University
of Denmark for giving me an office to work in. During my brief stay there, I
received much encouragement and advice, and the quality of the people there
has been a great inspiration.



NOTE ON SOFTWARE AND DOCUMENTATION

The experimental markets in this thesis were created on a local-area network
of Apple Macintosh computers, using Hypercard version 1.2.2 and Hypercard
stacks created by the author. The stacks used a set of CODE resources, also
written by the author, to handle networking communications and data
plotting.

The data compilation and compression was performed using Microsoft Excel,
version 2.2 and, later, version 3.0. The majority of tasks were carried out
using macro files.

The statistical analysis was done using SYSTAT version 5.0 and, later, version
5.1. Regressions of individual subject data was done using script files. The
SYSTAT output was saved in text files which were then parsed using
Microsoft Excel scripts to transform them into numerical tables. All
simulations were done in Excel as well.

All data files, scripts, and software is avialable upon recuest for
documentation purposes.
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Chapter 1

1. Introduction

Homo economicus, the hyper-rational workhorse of economic theory,
is in trouble these days. Psychologists, anthropologists, philosophers, and
other social scientists, even a sizable number of heretic economists, continue
to accumulate evidence on the systematic and substantial fallacies and

shortcomings of human decision making.

The evidence is impressive and convincing, but does it matter? This
question has been the subject of a long-standing debate between the
economists on one side and just about everyone else on the other.
Economists argue that, for the purposes of economic theory, one can safely
assume that markets behave as if all its agents were rational. Even though
individuals may not act optimally, market forces will compensate for the
misbeliefs and miscalculations of the simple-minded. In the short run, prices
that are out of line will be moved towards their appropriate values by
"informed" speculators and arbitrageurs, as the term goes. In the longer run,
financial incentives will stimulate agents to learn to improve their
performance or hire expert help, or the Darwinian process of competitive

selection will weed out the inefficient.

The skeptics respond that the mechanisms summored in support of
orthodoxy can easily go awry. Numerous examples, both theoretical and
empirical, have demonstrated that misperceptions and biases in judgment
and choice can persist in market settings. Delays, side-effects, and external
disturbing influences makes it difficult to learn from experience in real
markets. And cumulative learning can be lost as new inexperienced actors

enter the market. Evolution through competitive selection may be too slow
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Chapter 1

to keep up with the rate of change in the environment, and organizations
may lack the genetic mechanisms that can pass on a successful strategy to later

generations.

Thus, the question whether it "matters" cannot be answered in the
abstract or the general. Instead, the agenda should be one of charting the
borders of terra neoclassica. What are the proper domains of neoclassical
equilibrium theory where it elegantly and economically explains the facts?
What are the key attributes that determine this domain? And, most
importantly, where the neoclassical approach must strain or where it fails

outright to explain the facts, what theoretical framework can take its place?

Such endeavors require explicit attention to the dynamic processes of
market adjustment, with theories based on, and corroborated by, actual
observations of human decision makers. Furthermore, they require

frameworks, or paradigms, that can serve to organize and unify the research.

The author believes that a fertile paradigm is found in the concepts and
theories of engineering feedback control theory, particularly when this theory
is combined with laboratory experiments where human subjects play the rule

of actors in the system.

In recent years, a number of experiments with human behavior in
dynamic feedback systems have revealed that the structure of these systems
strongly condition their behavior: Humans exhibit a set of characteristic
responses which have become known as "misperceptions of feedback.” It
appears that the mental models carried in the human mind are incomplete:
they do not sufficiently take into account such elements as lags, self-

reinforcing feedback and side effects, and non-linear constraints.- The result is
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Chapter 1

that when people act in such systems they create behaviors that are very far

from optimal.

The motivating question of this thesis is the relationship between
feedback complexity and market behavior. In light of previous experimental
results, might not the feedback structure of a market strongly condition its
behavior? Conversely can one doubt that the presence of market incentives
and market forces would modify the performance of systems without a

market institution?

In addressing these questions, the thesis also tries to forge a link
between the psychologist's detailed studies of individual decision making and
the economist's studies of aggregate phenomena. Without a link between
these spheres of interest, there is no hope of integrating them into a deeper

and broader understanding of the real economy.

The approach of the study is one of using laboratory experiments as the
empirical testing ground and a combination of statistical analysis and
computer simulation as the tools of theory-building. Chapter 2 discusses the

background, motivation as well as the basic approach.

The basic question, the relationship between feedback structure and
market behavior, is expressed in an experimental design that varies both the

feedback complexity and the market institution.

Complexity is introduced in the form of a production lag and a
multiplier effect on demand. In previous experiments such elements interact

with decision making to reduce the stability of the system.
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Chapter 1

An efficient price system might well relieve these problems by
stabilizing the system, but prior experimental studies in economics economics
have shown that the details of the market institution matter a great deal. To
explore the significance of alternative price institutions, the design examines
a range of price institutions, from fixed prices, where supply and demand
must be coordinated through changes in buffer stocks, to the ideal Walrasian
market, where prices automatically move to equate supply and demand and
the need for buffer stocks is eliminated. Inserted in the middle is the more
realistic case where firms set their own prices while maintaining buffer stocks

to accommodate demand.

Together, crossing the experimental treatments of feedback structure
(simple and complex) with price regime (fixed, clearing, and posted prices)
defines six experimental conditions. It can be shown that in neoclassical
stochastic equilibrium the performance and behavior of markets in the six
experimental conditions should vary little and that, if firms used available
data to estimate the structural parameters in the system, all markets should
converge rapidly to this equilibrium. In contrast, the resultss of non-market
experimental studies would predict large and systematic variations accross the
conditions. Chapter 3 describes the experimental hypotheses, design, and

method.

The analysis of the experimental results falls in two parts. The first
part focuses on comparing the experimental hypotheses to actual outcomes.
Are there small differences accross conditions, as neoclassical theory would
predict, or, if there are, do these differences accord with the behavioral
hypotheses motivating the design? These questions are the subject of Chapter

4.
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The second part of the analysis seeks to describe decision making of
individual firms and use simulation to explore how this micro-level
behavior could lead to the observed aggregate outcomes. Chapters 5, 6, and 7
describe the results for the fixed-, clearing-, and posted-price conditions,

respectively.

Finally, Chapter 8 summarizes the results and discusses their validity
and implications for further research. The results clearly show that both sides
of the basic research question are relevant: Market institutions can
significantly improve the performance of complex dynamic systems. At the
same time, the feedback structure of a market has strong implications for its
behavior. The benefits of a market mechanism are therefore not automatic;
they depend on the feedback properties created by the particular system and
market institution. In particular, dynamic complexity may, despite market

institutions, lead to outcomes that cannot be explained by neoclassical theory.

Yet these outcomes can be regenerated surprisingly well in simple
behavioral simulation models that reflect the bounded rationality of the
human mind. The closing note, therefore, is one of optimism: Although
homo economicus may have withdrawn from a large part of our theoretical

landscape, there are others who stand ready to take the field.
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Chapter 2

2. Motivation and Background

Is human decision making rational, or do people suffer from
systematic errors and biases? Does it make any difference to the aggregate
behavior of markets? These questions have been the subject of intense debate
for many years in psychology and economics. A vast body of psychological
evidence suggests individual behavior is flawed. But economists have
challenged the relevance of this evidence with the (increasingly rare)
contention that agents are more rational in real market settings, or the more
frequent argument that the market compensates for individual departures
from rationality through dynamic processes of adaption and arbitrage,
competitive selection, and organizational learning. Resolving the debate will
require explicit attention to these dynramics, in both theoretical and empirical

analysis. Human beings must be observed in dynamic market settings.

Studies of decision making in dynamic settings, where actions
influence future options as well as present outcomes, are sparse. But already,
the evidence indicates that people have a limited ability to anticipate and
discern the dynamic behavior implied by the stocks, flows, and mutual
interdependence of the elements of the systems in which they operate, and as
a result fail to adjust their behavior appropriately in alternative dynamic
environments. So far, however, there have been no attempts to test whether
these findings persist in the presence of market mechanisms and financial

incentives.

At the same time, experimental economists have studied a wide
variety of institutional arrangements and shown how the details of the

market institution systematically affect market adjustment and efficiency,
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even when such institutions are essentially equivalent from a neoclassical
perspective. Yet, with notable exceptions, there has been little explicit
attention to dynamics; while the markets studied often have a great deal of
"static" or "combinatorial" complexity, they lack such real-world features as
lags, stock-and-flow structure, endogenous supply and demand functions, and
non-linearities, and the main emphasis has been on settlement to
equilibrium states rather than the dynamics of the market adjustment

process.

To be relevant for the study of market dynamics, empirical studies
must involve markets, and they must involve dynamics. The motivation for
this thesis is to develop this area of inquiry by joining the experimental

studies of dynamic decision making and market institutions.

The first part of this chapter reviews the contrast between conceptions
of choice in psychology and economics and highlights the need for an explicit
treatment of dynamics. The section following reviews the relevant
experimental results from studies of dynamic decision making and from
experimental studies of markets. The review reveals a need to extend
experimental economics to incorporate explicit studies of dynamics and the
structural features of the system that might shape these dynamics. The last
section discusses the approach taken in the study, emphasizing the need for
tools that link behavior at the individual or "micro" level with outcomes at
the aggregate or "macro” level of concern to economists. It is argued that
such a link can be forged by taking a feedback control view of the market and,
within this framework, to combine the procedures from experimental

economics with computer simulation, statistical analysis of individual
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decisions, and process-tracing data. The next chapter will discuss the specific

experimental method, treatment variables, and hypotheses of the study.

2.1 Individual and market rationality: The need for a dynamic perspective

This section reviews the debate surrounding the validity of the
common joint assumptions of equilibrium and rationality in neoclassical
economic theory. A consideration of each of the standard arguments in
defense of neoclassical assumptions, combined with the inherent
methodological limits of the neoclassical approach, reveals a need for explicit
treatment of disequilibrium dynamics, supported by empirical studies of how
people actually behave in economic settings. Although recent years have
seen an increasing interest in dynamic, disequilibrium economic models, the
assumptions employed in these models have not yet been subjected to direct

empirical testing.
The debate between psychology and economics

A schism has long existed between mainstream economics and
psychology concerning proper axioms to characterize human action (Hogarth
and Reder 1987). Regardless of the conclusions of that debate, it is clear that
the inconsistency of views represents a challenge to both disciplines for

achieving a reconciliation.!

1 The use of such general terms as "economics/economists" and "psychology / psychologists”
in this discussion does little justice to the wide range of research paradigms and opinions
in both disciplines. Even more specific terms, such as "mainstream, neoclassical
economics” or "behavioral decision theory," skirt many nuances and exceptions. The
terms should therefore be understood as shorthand for two opposite ends of the spectrum
of opinions in the debate.
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Economists have traditionally relied on the joint assumptions of
perfect rationality and equilibrium, often known as the "neoclassical”
approach. People are assumed to be rational in the sense that they maximize
their expected utility or profits, given constraints of resources and
information, and markets are assumed to be in equilibrium in the sense that
the expectations of individual agents are mutually consistent. Moreover,
since economics has traditionally been a non-experimental science,
economists rely on statistical analysis of aggregate historical data for empirical
tests of their theories. The unique strength of this approach is the fact that
only the substantive aspects of a decision matter; the process through which
decisions are made is irrelevant (Simon 1978). On this basis, the field has

developed an impressive deductive system and body of knowledge.

Psychologists, on the other hand, have emphasizéd description of the
process of decision making and the extent to which individuals conform to
the tenets of rational choice. This area of psychology has become known as
"behavioral decision theory," as distinct from "decision theory,” which
concerns the normative aspects of decision making. A large body of empirical
evidence, both experimental and histori_. , makes it abundantly clear that
mary, if not all, of the tenets of rational choice are frequently violated: It
appears that human judgment and choice follow certain simplifying
heuristics or "mental procedures" that work well under some conditions, but
also lead to systematic and substantial deviations from utility-maximizing
behavior in other situations. The range of phenomena is too extensive to
recount here; surveys can be found in Hogarth (1987), Kahneman, et al.

(1982), Slovic, et al. (1977), and Thaler (1987).
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However, psychologists have paid relatively little attention to the
aggregate implications of individual behavior. Indeed, it is mainly in the link
between the behavior of individuals and the aggregate economic outcomes
that economists take issue with psychologists: In defending the assumption
of rationality, economists have appealed to the efficiency of the market
mechanism. Even though individuals may appear “irrational,” the
argument goes, their irrationality is an experimental artifact, or their
interaction in the marketplace will result in overall outcomes that are for all
practical purposes indistinguishable from outcomes based on rational
behavior. A number of arguments are forwarded to support this contention,
each of which has been challenged by skeptics of the rational-equilibrium

approach.

Argument 1: Experiments lack realism and incentives, limiting their external

validity.

Economists argue that financial incentives will induce participants
both to put more effort into making accurate judgments and correct decisions,
and to learn and improve their performance, particularly when the stakes are
high. However, both theoretical arguments and empirical evidence make it
clear that economic incentives do not necessarily eliminate systematic biases
and errors in a variety of static tasks. Parallel experiments run with or
without monetary incentives have, with some exceptions, produced two basic
conclusions: 1) monetary incentives induce subjects to pay more attention to

the task, thus reducing unsystematic errors (inconsistency) in behavior, and 2)
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the systematic violations of rationality tend to persist, or even become

somewhat stronger, in the presence of incentives.2

Others argue that behavioral decision research on the effect of
incentives has been conducted in laboratory settings with relatively low
monetary rewards, and therefore the results cannot be transferred to real
markets with large financial stakes. Yet some phenomena have been
replicated in real-world settings. For instance, Lichtenstein and Slovic (1973)
found strong evidence of preference reversals among professional gamblers
in a Las Vegas casino. Furthermore, as Thaler (1987) argues, there is no a
priori reason why the intuitions that guide individual decision making in

experimental settings should not also apply in real-life situations.

Alternatively one might argue that in real life decision makers have a
variety of tools at their disposal, such as decision support systems or
consulting services. Yet real life is also much more complex than laboratory

markets, creating a bigger challenge to the decision maker.

Moreover, while analytical methods certainly help to promote

consistency and understanding, any model must be based on initial

2 Examples can be found in Grether 1980; Grether and Plott 1979; Knetsch and Sinden 1984;
Lichtenstein, et al. 1977; Lichtenstein and Slovic 1971, 1973; Pommerehne, et al. 1982;
Reilly 1982; Tversky and Kahneman 1981. The failure of incentives to improve
performance is not universal, however. The binary prediction task, in which subjects are
asked repeatedly to predict a two-outcome lottery draw, is a case in point. Without
monetary incentives, people usually fail to use the optimal rule, which is always to
predict the most likely outcome; instead, their guesses tend to match the frequency of the
two outcomes, in a phenomenon known as "probability matching.” When monetary
incentives are added, however, subjects' responses do move closer (though not all the
way) to the optimal strategy (see Edwards, 1956; Siegel, 1961; Tversky and Edwards,
1966). For further discussion of the effect of incentives on performance, see Hogarth, et al.
(1989).
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assumptions that can only come from intuition. An econometric model, for
example, involves assumptions both about the structure of its equations and
about future values of exogenous variables. With such a wide range of
possible assumptions, a subtle process of selection is bound to take place: If
the output from the model does not "seem plausible," i.e. does not accord
with intuition, then the model and its exogenous inputs are changed to make

a better fit--sometimes referred in the profession as "add factoring".

These "mental models” probably exert much greater influence over
decisions than is generally believed (Sterman 1987b, 1988a, b). For instance,
Sterman found that professional forecasts of inflation (1987b) and energy
demand forecasts (1988a) could both be described aiiiiz well by a simple trend
extrapolation and, in we casc cf caergy demand forecasts, ti.at there is a

systematic "political" bias in the forecasts of particular organizations (1988a).

Furthermore, there is considerable evidence that complex econometric
forecasting models are outperformed by simple trend extrapolation or naive
forecasts (e.g. the M-competition of Makridakis, et. al 1982; Ahlers and
Lakonishok 1983), and that professional forecasters and businessmen who
presumably use such models are outperformed by ordinary consumers

(Gramlish 1983; Bryan and Gavin 1988; Thies 1986).

In short, there is little empirical ground for believing that the use of
"expert tools" would necessarily improve performance or eliminate the

phenomena observed in experiments.
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Argument 2: Competitive selection will favor rational agents

It is often argued that in the long run, competition will weed out
inefficient actors (Alchian 1950; Friedman 1953; Winter 1964). But when one
considers exactly how competitive selection would work in reality, one finds
several ways in which the process may be effectively prevented from
improving performance. First, evolutionary processes may work too slowly
and with too little force relative to the rate of change in a complex world
characierized by large external shocks and technological innovation. In such
a worid, the survival of a firm may be more a function of its lucx and
financial robustness thau the "optimality" of its decisions. Second,
crmpetitive selection is only relative--the best-performing firms may not bc
even ciose to optimal. In fact, were is considerable evidence that biological
evolution has produced frequent "dead ends" (Gould 1989). Third, while
irrational agents may indeed fare poorly in the fight for economic survival,
the market may continue to attract new inexperienced agents to take their
place (Camerer 1987). Biological evolution relies on a genetic mechanism to
replicate and pass down adaptive genes to future generations. Social and
economic evolution, on the other hand, must rely on the imperfect process of
individual and organizational learning. Thus, the benefits of evolution are
far from automatic, and any satisfactory approach must thus show explicitly

how the process of competitive selection would work.

There has been a growing interest among economists in the process of
market evolution, e.g. through innovation and competitive selection. The
interest has fostered a new field, "evolutionary economics,” which addresses

these questions directly, using a variety of analytical techniques (see e.g.
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Axelrod 1987; Culbertson 1982; Day 1989; Goodwin 1989; Iwai 1984b; Kauffman
1988; Miller 1989; Nelson and Winter 1982). In the typical model, agents learn
over time by selecting decision rules through trial and error or hill-climbing,
or agents with fixed decision rules are subjected to competitive selection. As a
result of this learning and/or selection, the system as a whole evolves over
time, often in surprising and unpredictable ways. In particular, there are a
number of plausible situations where it is not the "best and the brightest"
who survive. For instance, technological "lock-in" and retwork externalities,
scale economies, or "free riding" in technological innovation can all put the
system on a sub-optimal path (see e.g. Arthur 1988; Nelson and Winter 1982;
Nelson and Winter 1974; Iwai 1984a, b; Day 1989; Goodwin 1989). Or

irrace 1l tr-”ers who vnderestir ate the riskiness o 1ssets may over time
come to dominate the market, as ttiey on average receive higher returns than

risk-averse rational investors (De Long, et. al. 1991).

These studies all show that plausible assumptions abcut learning and
competitive selection can yield suboptimal behavior. But whether and how
fast evolution actually occurs is still an empirical question requiring

experimental testing and field research, very little of which has been done.
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Argument 3: Arbitrageurs and speculators will eliminate inefficiencies

Some argue that in a well-functioning market not everyone needs to be
perfectly rational: A few clever agents will, through arbitrage and
speculation, move prices so that they reflect the true trade-offs in the system.
In a way, non-rational agents learn "implicitly" from rational agents so that,
in long term equilibrium, the system will behave as if all agents were rational
(Camerer 1987). In turn, the main argument in defense of equilibrium is that,
whenever the system is not in equilibrium, it will present profitable
opportunities which, when acted on, will drive it back toward equilibrium.
Therefore, persistent disequilibrium that could be corrected through arbitrage

or speculation is highly unlikely.

This is not to say that suboptimal resource allocation in general cannot
persist. For instance, institutional or informational constraints, such as wage
rigidity or limited information, may prevent markets from clearing. But this
kind of disequilibrium is created by structural constraints on information
availability and allowable actions, and retains the notion that agents behave
optimally, given such constraints--there are no exploitable opportunities for

excess profits.

Yet there are also theoretical arguments why rational agents would not
necessarily move the market to rational equilibrium. A series of vignettes
have demonstrated how non-rational agents can dominate a market that also
has rational agents. For instance, Arrow (1982) argues that rational investors
can only realize gains from wrongly priced securities when the market
corrects itself; if prices continue to be dominated by "irrational" investors,

better-informed investors cannot profit from their knowledge, at least in the
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short run. Haltiwanger and Waldman (1985) show how "synergy effects"
(where agent j benefits if other agents do the same thing that j does) ailow
naive agents to affect prices disproportionately. Akerlof and Yellen (1985a, b)
show how deviations from optimal behavior which have only second-order
effects for the individual agent can have first-order effects on the market.
Russell and Thaler (1985) provide examples of competitive markets where
agents cannot earn arbitrage profits from mistakes of less sophisticated agents,

so that those mistakes may persist.
Argument 4: Agents will learn to perfori. better

Another argument in support of rationality posits that, over time,
people will learn to perform better, or they will hire expert assistance. The
market should therefore over time be dominated by rational "experts."
Ultimately, however, this is an empirical question, and much work is still

needed to study learning in real-world environments.

One question to be asked is whether "experts" are indeed more rational
(i.e. less prone to common psychological biases) than novices. As already
mentioned, the study of professional forecasters leaves room for doubt (see
above). ln addition, numerous studies in psychology have compared expert
and novice performance, and the general conclusion is that experts seem just
as prone to biases and errors. For instance, McNeil, et al. (1982) found that
doctors are very susceptible to the "framing effects" observed by Tversky and
Kahneman (1981). Lichtenstein, et. al (1977) surveyed numerous studies of
overconfidence in judgment that hold for experts as well as novices. Experts
frequently distinguish themselves by being more confident in the accuracy of

their judgment rather than being more accurate (Oskamp 1965, p. 287). One
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notable exception is weather forecasters, who, as a result of very frequent and
tangible feedback, are very aware of the limitations of their predictions
(Murphy and Winkler 1977). Kahneman and Tversky (1973, Tversky and
Kahneman 1971) find that the intuitive judgments of individuals who have
had extensive training in statistics, professors of psychology, for instance,
continue to rely on "the law of small numbers." Moreover, even if experts
were indeed clearly better than novices, the sad fact remains that real-worid
experts die or retire, and markets may continue to attract naive, inexperienced

agents, making it lcss obvious that wisdom will predominate.

An equally relevant question is whether individuals can learn from
market experience. While experimental studies specifically concerned with
learning in markets are sparse, the theoretical aspects of learning and
convergence to rational expectations equilibrium has received considerable
attention in economics in recent years (see e.g. Anderson, et al. 1988; Blume
and Bray 1982; Bray and Savin 1986; Frydman 1982; Frydman and Phelps 1983;
Marcet and Sargent 1989a, b).3 Although these studies represent a large step
forward, they typically assume that agents know the structure of the market,
except for a finite set of parameters, and that they optimally estimate these
parameters (using Bayes' rule). Yet there is little evidence that humans are
Bayesian learners. On the contrary, numerous studies have demonstrated
that people tend to ignore or underrate base rates in one-time judgments

under uncertainty (Kahneman, et. al 1982, parts II to IV) while they tend to

3 Camerer (1987) explicitly considered learning in an experimental market. Testing for
evidence of the "representation bias," he found that experience and market forces do
partially alleviate biases for some subjects, but not all.
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underrate new information when updating judgments in muiti-stage

evaluations (Edwards 1968).

Recently, a number of researchers have tried to make less restrictive
assumptions about learning, primarily by using computer simulation instead
of analytical techniques. An ongoing project by Rust, et al. (1989) seeks to
reproduce the convergence of double oral auctions using computer-
simulation tournaments, in the tradition of Axelrod (1987). Elliott (1990)
simulates learning in a repeated prisoner's dilemma game. Marimon, et al.
(1989) use the same framework to examine how a value-less good (money)
can evolve to become the medium of exchange in a simple exchange
economy. Both of these works adopt the "classifier" model of induction,
where agents start more or less from a position of complete ignorance about
the system and learn by a "Darwinian" evolution of their decision rules (see
Holland, et al. 1986). On the other hand, there have been no attempts yet to

combine these efforts with experimental testing.

However, the "classifier" models depend on the "bucket-brigade"
heuristic which assigns credit (or attributes causality) to different conditions
in the environment. Yet humans judgment of cause and effect are subject to
numerous fallacies (e.g., Einhorn 1982; Einhorn and Hogarth 1978; Bar-Hillel
1980). In particular, one must ask whether or not a market offers a good
environment for learning, and whether favorable conditions for learning are
the rule or the exception in real economic markets. As mentioned before, the

issue is largely unexplored, but some researchers find grounds for doubts:

The necessary feedback is often lacking for the decisions faced by
managers, entrepreneurs, and politicians because (i) outcomes
are commonly delayed and not easily attributable to a particular
action; (ii) variability in the environment degrades the reliability
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of the feedback, especially where outcomes of low probability arc
involved; (iii) there is often no information about what the
outcome would have been if another decision had been taken;
and (iv) most important decisions are unique and therefore
provide little opportunity for learning (See Einhorn and
Hogarth 1978). The conditions for organizational learning are
hardly better. Learning surely occurs, for both individuals and
organizations, but any claim that a particular error will be
eliminated by experience must be supported by demonstrating
that the conditions for effective learning are satisfied.
(Tversky and Kahneman 1987, pp. 90-91.)

Empirical evidence of irrational behavior in markets

Experimental evidence suggests that market arbitrage has limited
ability to correct individual biases. For instance, it appears that the well-
known "representativeness bias" in Bayesian inference (Kahneman and
Tversky 1982) is reduced but does not disappear in experimental markets,
even with experienced subjects (Camerer 1987). In another experiment,
Camerer, et al. (1987) report similar results for the "hindsight bias" (Fischoff
1980). In the "bubble" studies of Smith, et al. (1987), experimental stock
markets frequently show evidence of speculative bubbles, even with
experienced subjects, although the fundamental value of the stock is known
to the participants. Berg, et al. (1985) find that the presence of experimenter
arbitrage diminishes but does not eliminate preference reversals. (It should
be noted, though, that in the study of Knez, et al. (1985), anomalies in

subjects' preferences for assets disappear under repeated trading for money).

A further cause for skepticism toward orthodox theory are the
numerous examples of seemingly irrational behavior in real markets.
Although it is inherently more difficult to assess rationality in a complex
world (Zeckhauser 1987), there are empirical "anomalies" in real markets, i.e.

phenomena that are difficult or impossible to explain using rational-agent
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models.4 For instance, studies of people's assessment of low-probability,
high-loss events and their decisions to purchase insurance have
demonstrated seemingly irrational attitudes toward risk (Kunreuther, et al.
1978). Empirical evidence from stock prices seems to suggest that investors
overreact to new information (<ee e.g. Arrow 1982; De Bondt and Thaler 1985;
Dreman 1982; Shiller 1981). Another example is closed-end mutual funds,
which are frequently traded at an initial premium and later at a substantial

discount from the market value of their portfolios (Lee, et al. 1990a).

The evidence is all the more interesting because such phenomena can
often be explained in a fairly simple way from typical biases and errors found
in psychology. For instance, Shefrin and Statman (1984) argue that many
firms' dividend-paying policies are inconsistent with orthodox financial
theory but are consistent with the "prospect theery" of Kahneman and
Tversky (1979), or with neo-Freudian theories of "self-control" (Shefrin and
Thaler 1981; Schelling 1984a, b). Thaler (1980 1985) argues that certain
anomalous consumer habits and firm pricing strategies may be derived from
the system of "mental accounting" that people appear to use in making
decisions. Akerlof and Dickens (1982) show how labor market anomalies
might result from workers resolving cognitive dissonance by altering their
beliefs. Lee, et al. (1990b) found evidence that the fluctuations in closed-end

mutual fund discounts are driven by investor sentiments.

4 Indeed, such "ancmalies” are sufficiently common that a regular column in the Journal of
Economic Perspectives is devoted exclusively to this topic.
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The limits of the neoclassical approach

In addition to the debate surrounding the empirical validity of
rationality assumptions, a number of economists have pointed out that the
neoclassical approach has inherent methodological limitations that are too

severe to be ignored.

First, the simplicity ana beautv of rational equilibrium is sometimes
strained: ¥caneth Arrow questions the usefulness of medern dynamic
"rational-expectations" theories in macro-economics since they attribute
enormous sophistication to decision makers in the economy. "Each
individual agent is in effect using as much information as would be required
for a central planner,” thus undermining the much-praised informational

efficiency of the price system (Arrow 1987).

Second, there has long been a concern among economists that the
preoccupation with equilibrium and rationality has excluded insights into a
range of important economic phenomena (Kaldor 1972; Leijonhufvud 1968;

Phelps-Brown 1972). The criticism has at times been quite harsh:

... in my view, the prevailing theory of value--what I call, in a
shorthand way, 'equilibrium economics'—is barren and
irrelevant as an apparatus of thought to deal with the manner of
operation of economic forces, or as an instrument for non-trivial
predictions concerning the effects of economic changes, whether
induced by political action or by other causes. Ishould go further
and say that the powerful attraction of the habits of thought
engendered by 'equilibrium economics' has become a major
obstacle to the development of economics as a science--meaning
by the term 'science’ a body of theorems based on assumptions
that are empirically derived (from observations) and which
embody hypotheses that are capable of verification both in regard
to the assumptions and the predictions.

(Kaldor 1972, p. 1237; emphasis in original)
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Regardless of the epistemological issues raised by Kaldor and others, it
is fair to say that many economic issues, such as innovation, learning, the
role of entrepreneurs, the evolution of markets, increasing returns, and
competitor behavior, are inherently dynamic and complex and thus difficult
to treat meaningfully in an equilibrium context. Indeed, recent
developments in non-linear modeling point to the possibility that economic
systems may exhibit "chaotic" behavior and may thus be inherently
unpredictable (Arthur 1988; Barnett and Chen 1988; Boldrin 1988; Day 1989).
Sterman (1989a) showed how chaos can arise in an experimental economic

system.

Third, while rationality is certainly a strong assumption about agent
behavior, it is often neither necessary nor sufficient to explain aggregate
phenomena (Simon 1979). Neoclassical theory building and testing
frequently require additional "bolstering" assumptions, such as perfect
competition, complete markets, separable utility functions, constant or
decreasing returns to scale, etc. (Arrow 1982, 1987; Simon 1987). Further,
theories are often supplemented with ad hoc assumptions that limit
rationality, such as in Lucas' famous model (1972) in which firms cannot
distinguish real price shocks from inflation caused by monetary changes.
Conversely, there is often a simple explanation for an empirical
phenomenon based on assumptions that behavior is reasonable, perhaps, but
not rational or optimal, whereas a rationalization of that phenomenon may

take enormous contortions on the part of the theorists (Simon 1979, 1987).

Fourth, when testing theory, economists have relied almost
exclusively on aggregate data because the assumption of rationality makes

study of individual decision making irrelevant--yet the record of using such
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data to settle theoretical economic debates has not been impressive. As
Leamer (1983) points out, due to the large number of possible variables and
equations that could be used to express the same theory, econometric
inference is both "whimsical" in its assumptions and "fragile" in its

conclusions. Leontieff laments that

In no other field of empirical inquiry has so massive and

sophisticated a statistical machinery been used with such

indifferent results. ... The same well-known set of figures are

used again and again in all possible combinations to pit different

theoretical i..o0dels against each other in formal statistic=!

combat. ... True advance can be achieved only througn an

iterative process in which improved theoretical formulation

raises new empirical questions and the answers to these

questions, in their turn, lead to new theoretical insights.

(1971, pp. 3,5.)

While Leamer advocates a more systematic attention to the limits of
econometric inference. Tecniieff argues that to truly advance knowledge
economists need to use other data sources as well, such as direct observation

of how business decisions are actually made (1971, 1982; Simon 1984).
The need for a dynamic approach

There is a striking feature that pervades the debate about individual
versus market rationality: Except for the question of whether experimental
results are externally valid, all substantive defenses of the neoclassical
approach rely on arguments that are inherently dynamic. Arbitrage,
competitive selection, and learning are all processes that take place over time

and out of equilibrium.

Many believe that economic theory could be enriched by explicit

models of the dynamic, disequilibrium adjustment process of markets, of
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individual behavior in such dynamics settings, and of the process of

individual learning. The inquiry would be guided by two aims: First, to

establish the limits of neoclassical theory, and second to provide alternative

theories of the behavior of markets that fall outside those limits. Thus, rather

than debating whether markets are rational or not, one should ask such

questions as:

When does it matter that individuals are not rational, i.e., under
wh2* circuiistances will - ¢ mechanisnt- correc*® -~ cungensate
'l . . 3 - . . N
ror individual mistakes and false beliets? Can one generalize sucn
circumstances?

When dynamics and non-rationality are of essential importance,
what are the "laws of motion" that govern the economic system?
Can such laws be generalized to other systems?

Under what circumstances will agents need to learn in order tc
improve their behavior? Alternatively, when will simple adaptive
heuristics (with no explicit learning) be sufficient to create an
efficient aggregate market?

When learning is called for, when will it be possible for agents to
learn from experience?

What are the heuristics or rules that govern individual actions, and
how might such heuristics change over time as a result of learning?

What are the processes the govern the evolution of the market, i.e.
how do agents enter and exit the market and change their relative
importance?

How does the dynamic behavior of the market arise from
individual adaptive actions and learning, and from evolutionary
forces?

Although many steps have been taken toward dynamic disequilibrium

theories, the integration of psychology and economics will require that both

the assumptions and the predictions of such theories be tested empirically.
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One arena of testing is the area of laboratory experiments, which is the subject

reviewed in the next section.

2.2 Dynamic decision making and experimental economics: The need for a

synthesis

To be relevant to the study of market dynamics, experiments must
involve both dynamics and markets. Unfortunately, the union of these two
~~search areas is praciicaily empty. Althou” research in ihe area of human
decision making in dynamic settings is sparse compared with the extensive
work on static decision tasks, the evidence clearly suggests that structural
elements common in economic systems, such as non-linearities, lags, stocks
and flows, feedback loops, and side effects, strongly and systematically affect
the behavior and performance of the decision maker. But these effects have
not been studied in the context of market forces. Conversely, experimental
market studies have put little emphasis on dynamics, choosing instead to
focus on the effects of alternative institutional arrangements on market
equilibria and, occasionally, the speed of market convergence. in particular,
the markets studied use simple, exogenous reward schedules for buying and

selling and the market is usually "reset" before each trading period.
The feedback paradigm

Most work in behavioral decision research has viewed decision
making as an isolated, discrete choice between alternatives. There is,
however, another way of viewing decision making, frequently referred to as
the "dynamic decision-making" or "feedback-system" paradigm. The
feedback view of decision making views human behavior as a stream of

individual decisions, where the actions taken influence the context of future
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actions. At the most general level, all human decisions take place in the

context of a feedback system:

An information-feedback system exists whenever the
environment leads to a decision that results in action which
affects the environment and thereby influences future decisions.
This is a definition that encompasses every conscious and
subconscious decision made by people. (Forrester 1961, p. 14)

If one considers all states of nature, including the knowledge of the
decision maker, Forrester's statement is obviously true but perhaps too
general to guide research in decision making. Yet, as Hogarth (1981) and
Klayman and Ha (1987) have observed, inany real-life decisions are in fact
dynamic and partially repetitive, where individuals interact continuously

with a surrcunding system.

Hogarth (1981) points out that the systematic errors and biases observed
in static decision-making tasks may not be very relevant for real-world
situations if people have the opportunity to correct their mistakes. One
would expect humans to perform well in systems where there is access to
immediate and undistorted outcome feedback (i.e. where all consequences of
actions are immediately and fully known), and where there is little
commitment involved in previous decisions (i.e. where past actions do not
put severe limits on future options). A relevant example of such a system is
the typical experimental market where supply and demand schedules are

exogenous and the system is "reset" every period.

On the other hand, humans may have significant difficulties in
managing "complex" systems with lags, stocks, flows, and feedback loops.
Here feedback can be distorted or delayed and actions can have consequences

that are distant in space and time. In the field of system dynamics, experience
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with numerous simulation models of such systems has revealed a set of
common characteristics. In a word, complex feedback systems tend to be
"counterintuitive," i.e. they defy human intuition because of our limited
capacity to anticipate the dynamic behavior arising from complex, non-linear

feedback relationships:

First, social systems are inherently insensitive to most policy
changes that people select in an effort to alter the behavior of the
system. In fact, a social system tends to draw our attention to the
very points at which an attempt to intervene will fail. Our
experience, which has been developed from contact with simple
systems, leads us to look near the symptoms of trouble for a
cause. When we look, we discover that the social system
presents us with an apparent cause that is plausible according to
what we have learned from simple systems. But this apparent
cause is usually a coincident occurrence that, like the trouble
symptom itself, is being produced by the feedback-loop dynamics
of a larger system...A second characteristic of social systems is
that all of them seem to have a few sensitive influence points
through which the behavior of the system can be changed.

These influence points are not in the locations most people
expect. (Forrester 1970, p. 216.)

Most work on the effects of feedback on performance has centered on
"outcome" feedback, where subjects receive information about the accuracy of
their judgments or the outcomes of their decisions in a series of choices, but
the decisions do not feed back to alter the environment. The world is "reset”
after each decision to exogenously specified conditions (Edwards 1990).
Particularly common is the "multiple-cue probability learning" (MCPL)
paradigm, in which subjects are asked to estimate the value of some variable
based on a set of cues (independent variables) (see Brehmer 1980a; Brehmer
and Kuylenstierna 1980). Even here, where outcome feedback is immediate
though perhaps blurred by random noise, the general conclusion from such

studies is that human learning capability is limited: While people can learn
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simple linear relations quite rapidly and efficiently, their performance
deteriorates dramatically in the face of non-linearities, noise, or correlated

(redundant) cues (Brehmer 1980a, b).

It is important, however, to distinguish the "outcome" feedback used
in MCPL from "action" feedback, in which the environment and the choice
set are functions of past choices. Action feedback systems warrant study both
because of the potentially "counterintuitive" nature of such systems and
because, in most real-life situations, actions have consequences. One must
"learn by doing" without knowing how things would have turned out if one
had done otherwise. As Einhorn (1982) has pointed out, this makes learning
inherently more difficult and introduces the possibility of "false" or illusory

learning.
Early studies in dynamic decision making

In the 1960's and early 1970's, there was some interest among
psychologists in dynamic decision making (i.e. decision making with action
feedback). The starting point of these efforts were two pioneering papers by

Edwards (1962) and Toda (1962).

Edwards, partly inspired by the optimism from early experiments on
"man as intuitive statistician" (e.g. Peterson and Beach 1967), proposed a
methodology of comparing observed behavior to an "ideal" (optimal)
decision maker in dynamic information sampling and processing tasks. In an
experiment involving updating prior beliefs based on a stream of new

evidence, he found that people are basically "good statisticians," i.e. they
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revise their opinion in the right direction, but that they do so too slowly or

insufficiently. He named this phenomenon "conservatism.">

Toda based his work on the idea that human behavior may be much
more adaptable and appropriate than static discrete choice experiments

suggest:

Man and rat are both incredibly stupid in an experimental room.

On the other hand, psychology has paid little attention to the

things they do in their normal habitats; man drives a car, plays

complicated games, and organizes society, and rat is

troublesomely cunning in the kitchen. (Toda 1962, p. 165.)

Thus, he argued, subjects should be observed in their interaction with
the relevant environment rather than in isolated situations. e advocated
using artificially created, dynamic "microcosms" in order to "study how

people plan, or how people, individually or collectively organize their

behavior over time."

Later, Rapoport and Wallsten (1972) and Rapoport (1975) suggested a
general research paradigm for such studies that emphasized comparisons to
optimal behavior. It was believed that, through the use of constrained
optimization techniques, the "logic underlying the planned behavior ... in a
well-defined environmental context" could be uncovered and form the basis
of a deductive science of dynamic decision behavior (Toda and Miyamae 1967;

Rapoport 1975).

5 Yet the subsequent work of Kahneman, Tversky, and others has since provided
overwhelming evidence that people are frequently not even remotely Bayesian in their
approach to uncertainty. See e.g. Kahneman, et al., eds., 1982, parts II, IV and VL
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This is not to say that people would necessarily be assumed to be
optimal in the objective sense implied by the environmental features.
Limitations imposed by human cognitive abilities could be included as

additional constraints in the mathematical optimization problem:

Dynamic decision theory then primarily compares real with
optimal behavior, leading to modifiable ‘normative-descriptive'
models ... For example, if an observed discrepancy is reasonably
and meaningfully interpreted as due to a limitation in [the
decision maker's] information processing capability, such as his
finite memory or his limited capability to project the effects of
his decision into the future, this limitation may be incorporated
into the model as an additional constraint. The optimal policy
may then be derived under this constraint and compared to
actual behavior. One may successively collect data, compare
actual to optimal behavior, and improve the model so that,
finally, decisions can be interpreted as optimal under given
perceptual, intellectual, and cognitive constraints. Dynamic
decision theory may prove useful only if discrepancies between
optimal and actual decisions are small, systematic, and the
constraints are psychologically interpretable.

(Rapoport and Wallsten 1972, p. 167.)

The approach was applied to a variety of comparatively simple
dynamic settings, such as inventory control tasks (Rapoport 1966), multi-stage
betting (Rapoport 1970; Rapoport and Jones 1970; Rapoport, et al. 1970; Funk,
et al. 1979), signal detection and Bayesian revision (Edwards 1962; Shuford

1964), and multi-stage search and optimal stopping rules (Rapoport and
Tversky 1970).

However, the original ambitions of a general deductive theory of
dynamic decision making were not satisfied, for several reasons. First,
practical constraints in computer hardware and software at the time limited
the experimental setups. Second, the emphasis on optimal solutions limited

the study to systems that were so simple as to border on the trivial or to more
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realistic systems that were impossible to solve without so many additional
assumptions that the interpretation of experimental results would be
ambiguous (Slovic, et al. 1977). A third problem, sometimes referred to as the
"curse of insensitivity" is that dynamic programming prcblems often have
"flat optima" so that moderate or even substantial deviations from optimal
decision behavior produce only small changes in payoffs to the decision
maker. This fact made it difficult to discriminate between criteria that

subjects may apply in their choices.

As a result, dynamic decision making did not receive much attention
in mainstream behavioral decision research for a decade (Slovic, et al. 1977,
p-14), although studies continued on a more ad hoc basis in related fields, e.g.
in ergonomic studies of man-machine interactions (e.g. Allen 1986;

Rasmussen 1974; Sheridan and Johanssen 1974; Tzelgov, et al. 1985).
The revival of dynamics

In the past decade, however, there has been a renewed interest in the

field, in large part motivated by the recognition that dynamics are important:

The failure to study and evaluate judgment and choice as
continuous processes has had two important, negative
consequences. First, insufficient attention has been paid to the
effects of feedback between organism and environment. Second,
although judgmental performance has been evaluated according
to principles of optimal behavior implied by decision theory and
the probability calculus, few researchers have questioned
whether the assumptions of such models apply to continuous
processes. (Hogarth 1981, p. 198.)

The recent work has been more exploratory in nature and modest in its

ambitions, but already, it seems clear from the results that certain feedback
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systems are difficult for humans to manage, due to what Sterman (1989b)

denotes systematic "misperceptions of feedback.”

Berndt Brehmer's work (1987, 1988) exemplifies an eclectic approach in
which subjects are observed operating in computerized "microcosms" similar
to Toda's (1962) idea, except that Brehmer compared actual behavior to a base-
line sirategy rather than optimized behavior, since the optimal strategy in
such complex and realistic systems is ill defined, even unknowable. He
conducted a series of experiments in which subjects managed a simulated
forest fire department. People underestimated the positive feedback
mechanism causing the exponential growth of a forest fire and the delays
involved in deploying fire teams, they maintained too much central control,
and they reacted to circumstances after the fact rather than anticipating them,
as would have been more appropriate in a system with such long response

lags.

Similar difficulties in dealing with positive-feedback systems and
exponential processes have been documented in multi-stage betting tasks
(Rapoport and Jones 1970; Funk, et al. 1979): Subjects' behavior is unduly
affected by past wins or losses and by the size of the current capital stock.6 In
forecasting tasks, Wagenaar and colleagues (Timmers and Wagenaar 1977;
Wagenaar and Sagaria 1975; Wagenaar and Timmers 1978, 1979) have
documented a tendency for subjects to underestimate substantially the rate of

change implied by exponential growth.

6 The probability of winning in each bet, p, is known to participants. Assuming either
constant absolute or constant relative risk aversion, the optimal strategy is to invest a
constant proportion of current wealth, where this proportion depends on p and the degree
of risk aversion.
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Hogarth and Makridakis (1981b) compared the performance of simple
computer-created strategies in competition with human players in a dynamic
business game which was rich with details. Interestingly enough, although
the computer strategies were selected more or less arbitrarily, with no attempt
to optimize their performance, they actually outperformed a significant
fraction of the human players, even though the latter spent many hours
discussing each decision: The computerized player outperformed 41% of the
human players when using a deterministic set of rules, and 19% when some
random noise was added to the rule. It appears that consistency in decision
making is valuable in itself, even if the rules of thumb used are crude and

sub-optimal.

Kleinmuntz and Thomas (1987) observed students and doctors in a
simulated medical diagnosis-and-treatment task and found a tendency for
both groups to order too many diagnostic tests and wait too long before
selecting treatments, thus achieving a survival rate of their "patients"
substantially below reasonable "benchmark" decision rules. Although much
of the excessive diagnostic testing may be due to the participants’
preconceptions of "what doctors do," it also suggests that subjects had an
inherently static conception of the task as a discrete one-time decision of what

treatment to use rather than as a dynamic process of trial and error.

Broadbent and Aston (1978) investigated human control of an
econometric simulation model of the British economy. Subjects were ask to
make decisions on government expenditure, tax rates, and money supply
targets in order to minimize unemployment, inflation, and trade deficits.
The authors did not consider absolute measures of performance such as

comparisons to benchmark strategies, but instead measured subjects'
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knowledge of the structure and parameters of the system (through pre- and
post-task questionnaires). Interestingly, although subjects seem to improve
their ability to achieve their policy objectives during the course of the game,
the experience had little effect on subjects' qualitative understanding of the
system. Moreover, subjects' accuracy in forecasting the impact of specific
policy changes improved significantly in the course of the game when this
impact was immediate (e.g. the effect of fiscal policy on unemployment), but
failed to get better when effects were lagged (e.g. fiscal policy's impact on

inflation).

Dérner (1980, 1989a, b) observed students and professionals managing a
variety of simulated systems, ranging from a small township (1980) to an
ecological system (1989b). The majority of subjects failed to achieve even
close to optimal or "benchmark" results. Dorner attributed these failures to a
variety of cognitive factors, including frequent changes of strategy and
inconsistency in maintaining a particular policy ("thematic vagabonding"), a
tendency for "ballistic" actions which ignore compensating feedback relations
in the system, and, generally, a tendency to focus on short term, immediate

effects rather than more long-term and fundamental processes.

It is interesting to note that such behavior is entirely appropriate in the
typical environment from which humans evolved. The hunter-gatherer's
environment was dominated by constant, large "external shocks" (sabre-tooth
tigers, etc.), requiring instant attention and response, and the link between
action and result was immediate. But in the complex interrelated world of
modern human life, a focus on only short-term, local outcomes can lead to

destabilizing, even catastrophic results. And, equally important, a short
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attention span (in time and space) prevents one from learning from

experience.

These issues were highlighted in two experiments by John Sterman,
investigating human behavior in a multistage production-distribution
system (1989¢), and a investmet multiplier-accelerator economy (198%b),
respectively. In both cases, the majority of subjects performed very poorly.
Subjects had difficulty adjusting their decisions to reflect the production or
shipping delays in the system, and they were often misled by disequilibria
caused by non-linearities and self-reinforcing mechanisms in the system. As
a result, decision rules estimated for each subject, when simulated on a
computer, often resulted in unstable, even chaotic behavior (Sterman 1989a).
Sterman attributed the observed problems to decision makers'

"misperceptions of feedback,"” including
e a failure to account for time lags and stock-and-flow structure,
e a failure to account for feedback from actions to the environment,

e a failure to recognize tradeoffs between short- and long-run effects
of actions, and

e a tendency to view dynamics as externally imposed rather than

endogenoucly generated.

The performance in these experiments seemingly contrasts with the
results of similar studies involving dynamically simple systems. For
instance, MacKinnon and Wearing (1980, 1985) found in a study of human
performance managing a simple (first-order) system with no delays, that
people performed very close to optimal. Yet, from a feedback control
perspective, this should not be surprising since such systems suffer from the

"curse of insensitivity" (or "blessing," depending on how you look at it):
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Almost any rule that provides corrective action in the right direction will
perform close to optimal. Thus, these results are further evidence that

feedback structure is an important determinant of behavior.
Experimental economics

Although economics is often considered a non-experimental science,
controlled experiments using "artificial" laboratory markets with human
participants has evolved to become a recognized separate field (Plott 1982,
1987; Smith 1982; Roth 1987). The field shows much promise in linking
psychology and economics, but, as it is currently practiced, it has inherited
much of the axiomatic, deductive nature of neoclassical economics.
Although experimenters recognize a role for more exploratory work (see e.g.
Roth 1987, Chapter 1), the tendency is still to focus on tests of neoclassical
theory by comparing equilibrium states. Accordingly, researchers have been
concerned primarily with steady-state outcomes and market averages and less
with the process through which such outcomes emerged. In particular, there
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