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Abstract

We use computer simulation to examine three asset markets with imperfect information. In
processing imperfect information, traders in the three markets are bayesian, empirical bayesian, and
heuristic (representativeness and anchor-and-adjust) respectively. All three converge to the same
bayesian equilibrium - although the latter two converge more slowly — without profit maximization,
natural selection, arbitrage, or mutual cancellation of random actions. The results support Becker
(1962) and Simon (1973) in that the rationality of the market emerges as a consequence of the
market structure, and not from the rationality of individuals.

JEL classification: A12; C11; D44; D81

Keywords: Aggregate market rationality; Bayesian equilibrium; Double auction; Representativeness heuristic;
Zero-intelligence trader

1. Introduction

In economic theory competitive or strategic equilibria are derived from optimal choices
made by agents. Direct observations of individual intuitive behavior indicate that it
systematically and significantly deviates from optimal choice. When working by
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intuition, humans use heuristics that often fail to use all the information that is relevant
and available. In this paper we ask: Do competitive markets belong to a class of social
institutions whose structure causes them to yield outcomes that are substantially insulated
from the imperfect judgments and actions of their participants? We address this question
by conducting a computational experiment of double auction markets populated by one of
three different types of computer traders (algorithms written as computer code): bayesian,
empirical bayesian, and biased heuristic traders. The biased heuristic traders employ two
well-documented biased heuristics in cognitive psychology called the “representative-
ness” and the ‘“anchor-and-adjust” heuristics. We find that bayesian equilibrium
prediction is better in organizing the data from all three sets of markets than the
representativeness heuristic prediction. When all individuals follow the representative-
ness heuristic, the aggregate market behavior conforms to the prediction of the heuristic
initially, but it gradually settles down to the prediction of Bayes’ theorem.

Our study follows the methodological tradition initiated by Richard M. Cyert, his
colleagues and students some forty years ago to study various aspects of organizational
behavior using computer simulation techniques. Cohen and Cyert (1965) classified such
simulations into four categories: (1) descriptive studies that are meant to depict the actual
behavior of existing organizations, e.g. Cyert et al., 1963; (2) illustrative studies to
discover the consequences of specific behavior in organizations, e.g. Cohen et al. (1963);
(3) normative simulations to help design better organizations, e.g. Bonini (1963); and (4)
man—machine simulations to train people in how to behave in organizations, e.g. Cohen
et al. (1960). We have shifted our focus from organizations to markets, and we use computer
simulations to discover and compare the market-level consequences of specific types of
individual behavior. In their Behavioral Theory of the Firm, Cyert and March (1963)
shifted the focus of inquiry from outcomes toward processes. Our paper is an attempt to
synthesize the outcome orientation of economic theory with the process orientation of
theories about individual behavior. Such a synthesis yields a better understanding of both.

2. Markets as task environments

Studies of human problem solving (e.g. Newell and Simon, 1972) indicate that
problem solving performance depends on two factors — the information processing
demands of the task at hand, and the computational abilities of the agent. Tasks can be
ranked along a continuum from well-structured to ill-structured (Simon, 1973). An
algorithm can perform a well-structured task with little human intervention. At the other
extreme, an ill-structured task requires a human agent to choose a cognitive
representation (or frame) from a set of competing representations, and to choose an
interpretation of data that has a major effect on the quality of the solution achieved.
Under this perspective, the effort required to solve the problem, and the quality of the
solution achieved, depend on the structure of the task.

2.1. Ill-structured task environments

Behavioral scientists have generally assumed that market traders are involved in a
complex ill-structured task where mental calculation, cognitive effort, and individual
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utility maximization are necessary conditions for attaining competitive equilibria. The
concern about the implications of psychological studies that indicate that individuals
often use simple heuristics that generate biased behavior has given rise to two debates.
The methodological debate challenges the experimental procedures used by psycholo-
gists. The theoretical debate has focused on the relevance of biased individual behavior
for market-level outcomes.

The methodological debate has probed the procedures used in psychological
experiments. The key issues are a lack of performance-based incentives (Grether,
1980, Jamal and Sunder, 1991); the use of one-shot experiments where inexperienced
subjects are asked to perform complex, unfamiliar tasks without an opportunity to get
feedback and learn (Grether and Plott, 1979); and the lack of availability of decision aids
that might normally be used by agents to perform the task on hand (Edwards and von
Winterfeldt, 1986).

The theoretical debate has sought to identify processes that could correct biases in
individual behavior. Several candidate processes have been identified in the literature (see
Camerer, 1987, Duh and Sunder, 1986, 1993, Anderson and Sunder, 1995) such as:
random individual biases cancel out in a market (cancellation); smart traders act as
arbitrageurs and determine the marginal trades that influence prices (arbitrageurs); biased
traders learn from feedback, by observing smart traders, or by real life work experience
(learning); biased traders are driven out of the market by bankruptcy and only the smart
traders survive (natural selection). Biased traders may also seek expert advice and thus
institutional mechanisms or specialists may arise to assist these traders (see Jamal et al.,
1995 for an example where auditors protect market traders from management fraud).
Studies conducted to address these issues with human subjects have generally yielded
mixed results (Grether, 1980, Camerer, 1987, Duh and Sunder, 1986, 1993). Human
subjects who are paid on the basis of their performance and who act in a market
environment exhibit the use of various biased heuristics identified in psychological
studies. However, the magnitude of individual biases, and their effect on market-level
outcomes is attenuated in the presence of incentives and experience (e.g. Anderson and
Sunder, 1995).

2.2. Well-structured task environments

In Simon’s terminology, Becker (1962) can be said to have proposed that several
economic tasks are well-structured rather than ill-structured. For example, Becker showed
that downward sloping aggregate demand functions can arise even in the absence of
utility maximization. Constraints imposed by the task environment (e.g. a budget
constraint) are sufficient to yield rational outcomes at an aggregate level, without
requiring rational behavior from individuals. The task environment determines the
outcome without conscious human intervention in this case.

The debate on individual rationality has obscured the effect of institutions and task
environments on outcomes. Becker (1962) cautioned that we need to distinguish between
individual and aggregate behavior, and that we should not impute irrationality of
individuals to markets, or rationality of aggregate market behavior to individuals.
However, a direct and causal link between individual behavior and aggregate market
behavior is frequently assumed (Russell and Thaler, 1985). Social institutions such as
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markets, introduce structure into individual choice behavior and can therefore generate an
aggregate behavior that is quite different from the behavior of disconnected individuals
(Coleman, 1986). Research in experimental economics (Plott, 1982 and Smith, 1982)
indicates that aggregate market prices and allocations of securities are influenced
significantly by the type of market institution employed (e.g. english, dutch, or sealed-bid
auction). We need to understand how institutions transform individual into aggregate
behavior (Coleman, 1986).

Using this perspective, Gode and Sunder’s (1993, 1995) and Bosch and Sunder’s
(1994) computational and human experiments have shown that the allocative efficiency
of a double auction derives largely from its structure and not from the agents’ motivation,
knowledge or learning. In these simulations, ‘“‘zero-intelligence” (ZI) computer program
traders randomly submit bids and offers. ZI traders have no motivation, knowledge,
memory or learning; they just behave randomly subject to a budget constraint or
opportunity set. Yet the allocative efficiency of markets composed of ZI traders is close to
100%. These results suggest that the structure of the market institution (double auction),
rather than individual behavior, may be the primary driver behind the efficiency of
aggregate market behavior. This is significant becaiise individual profit maximization and
complex cognitive calculation are usually assumed to be key characteristics driving
human behavior in markets. Experimental results that do not provide significant monetary
rewards are often suspect for not providing sufficient inducement to generate the complex
mental calculations required in a market environment (Smith, 1982).

Performance of ZI markets indicates that, contrary to the prevailing view in both
economics and psychology, aggregate market-level rationality demands only a relatively
low level of information processing of individuals in double auctions. Individuals do not
need to be rational, or even follow any judgment heuristics. Random individual behavior,
subject to a budget constraint, is sufficient to generate rational aggregate behavior. These
results indicate that the double oral auction is a well-structured task that requires little
human intervention to achieve problem solving success.

The Gode and Sunder (1993, 1995) and Bosch and Sunder (1994) results suggest that
Becker’s (1962) argument about aggregate rational behavior emerging from individually
irrational behavior is more general than previously thought. English and Allison (1993)
also demonstrate how various empirical relationships in both the psychology and
economics literature can be derived from the assumption of random response to external
task constraint. These results suggest a fascinating hypothesis: markets may attain a
bayesian equilibrium even if the individual agents participating in the market do not
process information in a manner consistent with Bayes’ rule, and all the usual suspects
(smart arbitrageurs, cancellation of random responses, learning, experts or natural
selection) have valid alibis. In this paper we present results from simulated markets
designed to test this hypothesis.

3. Method

The judgment heuristics used by human subjects cannot be controled and selected for.
In psychology experiments, various judgment heuristics are activated by manipulating
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task materials. Results from psychological experiments indicate large variations across
individuals in heuristics used and outcomes chosen by human subjects (Tversky and
Kahneman, 1986). Human subjects also differ in their preferences and are vulnerable to
experimental demand effects. The number and duration of human subject experiments are
limited by subject availability, fatigue, and cost. These factors make it difficult to conduct
long market experiments to compare the consequences of actual human behavior against
the bayesian standard. We circumvent these difficulties by replacing human traders with
computer programs.

Computer traders behave in a programmed manner, allowing us to explicitly simulate
the use of the representativeness and anchor-and-adjust heuristics. The use of a simulation
model provides us with an opportunity to causally explore the factors that lead to market
outcomes. Use of computer program traders also enables us to control the length of the
experiments and determine how long it takes a market to reach the bayesian equilibrium,
if it is attained. Experiments with human subjects generally permit some 15-20 periods;
we report results of computational experiments for each of the three types of traders of
100 markets (consisting of 100 periods each) for a total of 30,000 periods.

By using an unchanging group of computer traders programmed to use judgment
heuristics that normally lead to biased (non-bayesian) behavior, we explicitly rule out
explanations based on evolutionary arguments, arbitrage (few smart individuals), and
cancellation of random responses. There are also no markets for information or specialists
in our experiment. Traders cannot seek the advice of experts in the experiment.

3.1. Market mechanism

We used a market design similar to the designs used in experiments with human
subjects by Grether (1980), Duh and Sunder (1986, 1993), Camerer (1987) and Anderson
and Sunder (1995). Computer traders participated in 100-period long double auctions.

At the beginning of each period, each of the n computer traders is endowed with some
cash and one certificate. The certificate pays a single state-contingent dividend that varies
randomly across the n computer traders. For example, the dividend in state X (and Y) for
trader 1 may be 100 (and 50) points, but the dividend for trader 2 in state X (and Y) may
be 70 (and 80) points. The vector of state-contingent dividends for each trader is known
privately by each trader. It serves as a constraint on the maximum values that the trader
would be willing to pay for a certificate and the minimum value it would be willing to
accept. (See Fig. 1 and Table 1; Section 4 gives the detailed parametric structure of these
markets.) '

Prior to trading, computer traders receive an imperfect public signal (G for green or B
for brown) about the state (X or Y) for that period.The signal received is the same across
all traders. Computer traders are then free to enter a bid to purchase a security or to make
an offer to sell a security. The same buyer or other buyers can subsequently raise the bid.
Similarly, any seller can offer to sell a certificate at a given price or reduce the price
offered by some other trader. A transaction occurs when the bid and offer prices match or
cross. When bids and offers cross, the transaction is recorded at their average. At the end
of the period the actual state (X or Y) is revealed, dividends are paid, and profit for each
computer trader is computed.
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Fig. 1. Uncertainty and information structure of the market.

Table 1

Design parameter for simulations

Parameter Value or distribution
Number of markets 100

Number of periods in each market 100

Number of traders in each market 20

Number of iterations per period 3,000
Dividend in state X (Dy;) ~U(0,140)
Dividend in state Y (Dv;) ~1J(60,200)
Base rate prob. (X) (a) ~U(0.3,0.7)
Prob. (Signal G | X) (8:1) ~1(0.7,0.9)
Prob. (Signal G |Y) (82) ~U(0.1,0.3)
Transaction price adaptive parameter (y) ~1(0.01,0.1)
End-of-period dividend adaptive parameter (6) ~1U(0.02,0.2)

3.2. Trading strategies

Three types of trading strategies were simulated, bayesian and empirical bayesian as
controls, and biased heuristic as the treatment. Following Gode and Sunder (1993), all
three are ‘“‘zero-intelligence” (ZI) strategies in the sense that they pick bids or ask
randomly from the no-loss feasible set. The following paragraphs give the general
description of the strategies.
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- Trading strategy 1 is a bayesian strategy. After observing the imperfect public signal (G
or B) about the realized state (X or Y) at the beginning of each trading period, these traders
compute a posterior bayesian expected value from their dividends, prior probabilities of X
and Y, and the conditional probabilities of signals G and B. If we use the notation:

Prob. (StateX) = q, Prob. (StateY) =1 — o
Prob. (Green | StateX) = £, Prob. (Brown | StateX) =1 — 3,
Prob. (Green | StateY) = £3,, Prob.(Brown | StateY) =1 — 3,

Dividend for ith investor (State X) = Dy;, Dividend for ith investor (State Y) = Dy;
Bayesian trader computes the posterior expected value conditional on the observed signal:
Exp. Value (Dividend | Signal G) = Dy;(aB1/a81 + (1 — 0)B,)
+Dvi((1 — a)B2/ (a1 + (1 — &) ),
Exp. Value (Dividend | Signal B) = Dy;(a(1 — 81)/(a(1 = B1) + (1 — a)(1 — 32)))
+Dyi((1 — a)(1 = B2)/(e(1 = B1)
+(1-a)(1-5))) (1)

These expected values determine the feasible range of bid and ask messages for this
trader. For bids, the feasible range is from 0 to the bayesian expected value (ceiling). For
offers, the range is from the bayesian expected value (floor) to 200. Bids and offers are
generated randomly, distributed independently, identically, and uniformly over these
ranges. Note that this is a stationary, not a learning strategy. Bayes’ theorem is applied
only to determine the posterior expected value of dividends conditional on the signal, and
this value is used as the limit for zero-intelligence trading strategy. The actual market
transactions do not affect the bidding behavior of this trader in any way. Consequently,
we should expect the behavior in the later periods of a market to be the same as in the first
period.

Trading strategy 2 is an empirical bayesian strategy. At the beginning of the first period
of each market, these traders start with a diffuse prior over the two states of the world, X
and Y, ignoring the given base rate () for the market. Instead, they accumulate and use
the realized relative frequencies of each state conditional on the two signals from prior
periods of a market. At the end of the t’th period of a market, let

Number of Periods with G Signal = Ng

Number of Periods with B Signal =t — Ng
Number of G Periods with State X = NGy

Number of G Periods with State Y = Ng — NGy
Number of B Periods with State Y = Ny

Number of B Periods with State X =t — Ng — Ngy

The empirical bayesian trader uses these frequencies to compute expected dividend
conditional on the observed signals:

Exp. Value (DiViand ISignal G) = Dy; (NGX/NG) + Dyi((NG — Ngx)/N(}),
Exp. Value (Dividend |Signal B) = Dy;(t — Ng — Ngy)/(t — Ng) + Dyi(Npy)/(t — Ng).
(2)
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These conditional expected values are the ceilings (floors) for ZI bids (offers) made by
the empirical bayesian traders. Unlike bayesian traders’ expected values, these expected
values change each period with the accumulation of relative frequencies. The behavior of
empirical bayesian traders can be quite erratic in the early periods of a market. However,
as observations are accumulated over the periods, the law of large numbers should lead to
convergence toward the same bayesian expected values of type 1 traders. Many
researchers have argued that human subjects are not bayesian in experiments because
they do not accept the base rates given to them by the experimenter. The empirical
bayesian trader operationalizes the idea that human behavior would become bayesian if
experiments could be run for a long enough period of time, and the traders respond on the
basis of the actual relative frequencies experienced during the experiment (e.g. Libby,
1985 and Butt, 1988).

Trading strategy 3 combines two simple heuristics. Experimental studies of individual
behavior suggest that individuals use the “‘representativeness” and the “anchor-and-
adjust” heuristics to make judgments and decisions. According to Tversky and
Kahneman (1974), the representativeness heuristic is used by human agents to generate
an initial cognitive representation; an agent who uses the representativeness heuristic
determines the subjective probability that an object A belongs to class B, or A originates
from B, based on the degree to which A resembles B. In our context, using the notation
given above, if 3; were more than 0.5 and (3, were less than 0.5, agents following the
representativeness heuristic will infer that the state is X(Y) whenever they see signal
G(B). The use of the representativeness heuristic to make probability judgments leads to
serious errors because the heuristic does not incorporate all factors that should affect
probability judgments. One critical factor ignored by this heuristic is the prior probability,
or base rate frequency, of the possible outcomes.>

An anchor-and-adjust strategy is used by human agents in sequential tasks where
beliefs have to be updated as new information is received. An agent who uses the anchor-
and-adjust heuristic will use an initial probability value as the anchor (or starting point)
and then make adjustments as new information is received. If we denote the anchor
probability as p, the amount of adjustment as k, and the final outcome from the anchor-
and-adjust process as S(p), the anchor-and-adjust model can be denoted as S(p)=p+k.
The anchor probability can come from a variety of sources including the formulation of
the problem, memory or can be explicitly suggested by an agent. A key feature of the
adjustment process is that it is insufficient (compared to the bayesian adjustment process)
so that the final probability is biased toward the initial (anchor) value.

Type 3 computer traders begin by setting an initial current aspiration level or “CAL”
(Simon, 1981) based on the signal received. Using the representativeness heuristic, these
traders overreact to the signal and treat it as if it were perfect. For example, if the first
signal is G, each trader makes a judgment about which state is most likely to generate
signal G based on the diagnosticity of signal G (representativeness). Suppose all traders

2Kahneman and Tversky (1972) conducted a study where subjects were asked to assess the probability that
various personality descriptions belonged to an engineer rather than a lawyer. The results indicated that the
subjects ignored the base rates and treated the descriptions as being perfectly deterministic. These initial findings
have been replicated in a variety of contexts (Bar-Hillel, 1980, Nisbett and Ross, 1980).
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conclude that State X will be realized when signal G is observed. Each trader i sets his/
her initial current aspiration level (CAL) equal to his/her dividend value in State X (Dy;).
If the first signal is B, each trader makes a judgment about which state is most likely to
generate signal B. Suppose all traders conclude that State Y will be realized when signal
B is observed. All traders set their initial current aspiration level (CAL) equal to their
respective dividend values in State Y (Dy;). In each state (e.g. State X), dividend values
differ across traders creating an opportunity for a profitable trade even if all traders
believe that they are in State X.

Type 3 computer traders use these state contingent initial current aspiration level
(CALs) as ceilings (floors) for their bids (offers) in ZI mode of trading as described above
for Type 1 and Type 2 traders. For bids, the feasible range is from O to the current
aspiration level (ceiling). For offers the range is from the current aspiration level(floor) to
200.

After each transaction, Type 3 traders update their aspiration level using a simple
anchor-and-adjust (i.e. first order adaptive) process:

Revised aspirationlevel = (1 — )(CAL) + (y* Transaction Price), (3)

using a given value of the adaptive parameter -y for the simulation (see Table 1 ). Trading
resumes with the updated CALs serving as constraints on the opportunity sets of the
traders until the next transaction occurs, and this cycle is repeated until the end of the
period. At the end of a period the state is revealed publicly to all traders. At the end of the
period, traders adjust their aspiration level by incorporating the actual dividend received:

End of period aspiration level = (1 — §)(CAL) + (6* dividend realized), (4)

using a given value of the adaptive parameter § for the simulation (see Table 1). At the
end of each period, the traders’ holdings are refreshed to their initial endowments to begin
the next period. However, the end-of-the-period CAL is retained for use in the following
period. ,

It is important to note that the Type 3 computer traders are not bayesian in processing
information. The traders select their initial CAL by overreacting to an imperfect signal as
if it were perfect (representativeness). The traders select messages randomly, subject to
limits imposed by this CAL, until a transaction occurs. After each transaction, traders
- adjust their aspiration level in the direction of the transaction price using a simple anchor-
and-adjust procedure. Traders also adjust their aspiration level at the end of the period in
the direction of the dividend realized using a similar anchor-and-adjust procedure. These
computer traders engage in very simple computations using judgment heuristics
documented in psychological studies of individual behavior.

4. Design

Design parameters for the simulations are give in Table 1. We ran 100 markets. In
every market, an independent realization of uniformly distributed random variables is
obtained for the parameters listed in Table 1. There is no correlation among the parameter
values used in the computational experiment. Once a set of parameter values had been
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chosen, three 100-period markets were run, one for each of the three types of traders.
In each market there were 20 traders who traded a two-state, single period asset.
Before trading was started in each period, a random state of the nature (X or Y), and
a random signal (green or brown) were drawn with the following probabilities (see
Fig. 1): .

As parameters o, (1, B2, v and 6, and the individual dividends change from market to
market, so do the equilibrium prices. The bayesian equilibrium price is determined by
assuming that each trader values the asset at its bayesian posterior expected value, and
perfect competition prevails in the market. The representativeness heuristic equilibrium
price is determined by assuming that, after observing the signal, each trader values the
asset at the dividend associated with the state that generates that signal with a higher
probability (see Duh and Sunder, 1986):

If 81 > (2, Green signal = State X and dividend Dx;

Brown signal = State Y and dividend Dy;; (5)
If 51 < B2, Green signal = State Y and dividend Dy;

Brown signal = State X and dividend D,;.

5. Experimental results

5.1. Prices

Since the equilibrium prices vary from market to market, aggregate presentation of the
results must be normalized. For each period ¢ of each market m, we calculate the mean
transaction price P (dropping subscripts m and ¢). This period-wise mean transaction price
is normalized to obtain P":

P" = 100(P — Py)/(P, — Py) (6)

where P, and P, are the bayesian and the representativeness competitive equilibrium
prices respectively for the signal observed during that period. If P is equal to the
representativeness competitive equilibrium price, the normalized price is 100; if P is
equal to the bayesian competitive equilibrium price, the normalized price is 0. P outside
these two equilibrium prices yields a normalized price outside the 0—~100 range. Since the
bayesian equilibrium prices under the two signals are always bracketed by the two
representativeness equilibrium prices, a normalized price below zero means that observed
prices deviate from these equilibria in the direction of the mean of the equilibrium prices
under the two signals. This normalized period-wise mean transaction price can be
aggregated across the 100 markets to explore and compare the aggregate market behavior
under the three types of traders.

Given the random choice of market parameters, P, and P, can be arbitrarily close to
each other. Since their difference appears in the denominator of the normalized mean
price, it is possible that the first moment of the distribution of P" may not exist. We
therefore report the order statistics (period-by-period median and inter-quartile range) of
P” across the 100 markets in Fig. 2 (for a total of 30,000 market periods).
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Three panels of Fig. 2, one for each type of investor, summarize the price data. The first
panel is for bayesian traders. Horizontal lines at O and 100 are the bayesian and
representative heuristic competitive equilibrium respectively. A vertical line for each
period indicates the inter-quartile range of period-wise average transaction price across
the 100 different markets; the small dark rectangular marker on the vertical line is the
median. As we would have expected of the control group of bayesian traders, the median
lies close to the bayesian norm of 0. This suggests that the Gode and Sunder (1993)
results about the behavior of double auctions with ZI traders also hold for the case of
uncertainty and imperfect information. Since bayesian traders act as zero-intelligent
bidders using bayesian expectation as constraints, transaction prices show a fairly high
variance. Since the bayesian expectation does not change over periods, this panel shows,
as expected, a stationary pattern of behavior over the 100 periods.

The transaction prices of a market composed of only type 2 (empirical bayesian)
traders are shown in the second panel of Fig. 2. The median of the normalized mean
prices begins substantially below the bayesian equilibrium price (at about — 250). This
means that during the first period, the mean transaction price tended to lie close to the
average of the bayesian competitive equilibrium prices for the two signals (G and B). We
expected, and observe, that a market composed of only empirical bayesian traders will
start below 0 normalized price, behave erratically at the beginning of a market, but will
gradually converge, under the force of the law of large numbers, to the bayesian
equilibrium price, after they accumulate enough experience of the frequency of each state
conditional on the respective signal.

The results shown in the second panel suggest that even if all traders were empirical
bayesian traders, the results of an experiment conducted with human traders would
generate data which suggest that the market is not bayesian because human subjects
rarely get the opportunity to experience ten or more occurrences of any individual signal.
These results suggest that experiments with human subjects who do not accept the base
rates, but can keep track of relative frequencies, would require exposing the subjects to
about twenty experiences with each signal to obtain prices in the neighborhood of the
bayesian equilibrium.

The transaction prices of a market composed of only type 3 biased heuristic traders are
shown in the third panel of Fig. 2. The data show that in the first period of markets, the
median of normalized trading prices is about 70, which is much closer to the
representativeness than the bayesian equilibrium prediction mark. That is not surprising
because all the traders in this market use the representativeness heuristic to determine the
boundaries for their zero-intelligence messages (bids and offers) in the first period of each
market. However, as they anchor-and-adjust this initial assessment in light of the market
transaction prices, and the end-of-period dividends, there is a progressive tendency for the
median of average transaction prices to move ever closer to the bayesian equilibrium
mark (normalized to zero in the figure).

Of the three panels of Fig. 2, the third is the only one in which prices exhibit any
significant tendency to lie in the approximate direction of the representative norm of 100.
Yet, these representative heuristic assessments themselves generate market transaction
prices that gradually pull the traders’ assessments in the direction of the bayesian norm
through the anchor-and-adjust heuristic. The magnitude of this pulling force is arbitrary
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(depending on the values of « and 6 we chose for the simulation, see Table 1), but the
direction — toward the bayesian norm - is unmistakable. Biased heuristics of individual
traders do not directly translate into biases in aggregate market level outcomes.

5.2. Allocative efficiency

Allocative efficiency of markets depends on who holds the assets, and not on the
prices. Efficiency is calculated as the ratio of the bayesian expected value of the assets for
traders who actually hold them at the end of trading each period to the bayesian expected
value of the assets under the equilibrium allocation. Three panels of Fig. 3 show the
period-by-period median and inter-quartile range of allocative efficiency of the three sets
of markets with three different types of traders. It is hardly surprising that the median
efficiency of markets with bayesian traders is virtually 100% throughout. Even with zero-
intelligence traders it shows little dispersion because in an asset market, inefficient
allocation can be improved upon by resale of security to another trader who values the
security even more. For empirical bayesian traders, median efficiency starts around 92%
and gradually rises close to 100% with dispersion of a few percent. For markets with
biased heuristic traders, median efficiency lies between 93% and 95%. It could be raised
by a few points, but not much more, by doubling the number of iterations in these
simulations with ZI traders. The inter-quartile ranges indicate much greater dispersion of
efficiency in the 80-100% range.

5.3. Discussion

A comparison of the trading outcomes of bayesian traders and biased heuristic traders
shows that the latter begin trading at prices close to the representativeness equilibrium (of
100), whereas bayesian traders begin trading at prices close to the bayesian equilibrium
(of 0) or at prices below the bayesian equilibrium (for empirical bayesian traders).
However, there is a clear pattern of trading activity that shows that the trading prices of
biased heuristic traders and empirical bayesian traders tend toward the bayesian
equilibrium price. _

A market composed solely of biased heuristic traders tends repeatedly (in a 100 market
simulation run) toward the bayesian equilibrium price without any arbitrageurs, natural
selection, or cancellation of random responses. The early transaction prices are
substantially closer to the representativeness equilibrium mark of 100, and differ from
the bayesian equilibrium mark, allowing an arbitrageur (or specialist) the opportunity to
make a substantial profit in the early periods of such a market. However, even in a market
composed solely of biased heuristic traders, and no arbitrageurs, the opportunity to earn
arbitrage profits diminishes rapidly with time.

Experiments with human subjects generally run for some 10-20 periods in which
human subjects may experience a particular signal some eight to twelve times. The
results of our computational experiment suggest that one of the reasons human
experiments may generate mixed results may be because they are terminated prematurely.
Our results show that even if all traders were empirical bayesians, results obtained from
an experiment where the traders were exposed to each signal five times would generate
results that would appear as if the market does not converge to the bayesian equilibrium.
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6. Conclusions

Convergence to the bayesian equilibrium price occurs in markets populated solely by
biased heuristic traders. This result is obtained without the presence of various forces
normally credited in the economics literature with making human subjects rational. There
are no smart traders in our market who make marginal trades (no arbitrageurs). There is
also no learning of new information processing heuristics in our market. All traders begin
by using biased information processing heuristics documented in psychological
experiments. These traders continue to use these biased heuristics throughout the
computational experiment. The traders do not learn any new information processing
 heuristics and the biased heuristics are not altered or corrected in any manner. There are
also no evolutionary forces operating in our experiment to drive biased traders out of the
market.

Our results generalize and extend Gode and Sunder’s (1993, 1995) findings in a market
with certainty to a market with uncertainty. We find that the information processing
demands of double auctions are quite low even when there is uncertainty about the state
of nature. Markets populated by traders who use simple adaptive heuristics can attain a
bayesian equilibrium even though the heuristics are myopic and ignore base rate
information. Double auctions seem to possess a structure in which the bayesian
equilibrium can be achieved even if all individual traders are biased in their information
processing activities.

Appendix A

A.1. Viewing the simulation live on your own computer

You can get a better sense of the dynamics of the markets reported in this article by
looking at the actual simulations on your own computer by following the instructions
given in this Appendix. We also describe what you will see on your computer screen.

How to get the software:

Download a copy of file simull.exe and readme.txt from ftp.andrew.cmu.edu through
anonymous ftp and store it on your hard drive or a floppy.

Anonymous ftp to: ftp.andrew.cmu.edu
Change directory by using command: cd /pub/gsia/ss8a/jamal.sunder. 1
Download explanation of the program by command: get readme.txt

Change to binary mode of transfer by issuing bin
command:

Download simulation program by issuing command: get simull.exe
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Terminate your ftp session by typing: quit

Hardware requirements:

IBM/clone 386 or better with VGA or Enhanced VGA monitor.

How to run the simulation:

1.

2.

Enter the directory in which file simull.exe is stored, type simull, and press the enter
key.

In response to the first question, type 1, 2 or 3, depending on which simulation you
wish to run(1 for bayesian traders, 2 for empirical bayesian traders, or 3 for biased
heuristic traders) and hit the return key.

The program prompts you for the number of markets you wish to run, and the number
of periods in each market. Enter a positive integer in response to each question, and
press the enter key.

If you want the computer to pause after each full screen, respond 1 (yes), 0 (no)
otherwise. It will always pause at the end of the summary screens.

All other parameters are picked by the computer as preset values or random draws. Sit
back and enjoy the show. If you chose the pause option, press the return key whenever
the simulation pauses to allow you to review the screen.

What you see on the screen:

1. On the left hand of your simulation screen is a box with demand and supply
functions. The quantity axis has the length of 19 (1 unit for each of the 19 traders
in the market). The price axis is 0-200. The firm lines are the bayesian demand
and supply functions; broken lines are the demand and supply functions derived
from the assumption that the traders use the representativeness heuristic. Green
(brown) supply and demand functions correspond to periods in which the imperfect
signal is Green (Brown). Please note that these are asset markets, and all traders
are buyers as well as sellers; hence the symmetry of the demand and supply

functions. :

2. Firm horizontal green (brown) lines extending across the screen define the bayesian

equilibrium price for Green (Brown) periods. Broken horizontal green (brown) lines
extending across the screen define the representativeness heuristic equilibrium price
for Green (Brown) periods.

3. Each transaction price is plotted to the right of the demand/supply box in green

(brown) circles for periods when the signal is green (brown). At the end of a period, a
vertical line is drawn to separate the data for one period from the next. When the
screen if filled, the program pauses for you to hit the enter key on your keyboard
before proceeding further (if you choose the pause option).

4. If you are running the biased heuristic traders, the circle for each transaction price is

preceded by two vertical lines in green (brown) indicating the range of the individual
current aspiration levels (CALs for bidding and asking) of all traders in the market. In
addition, a horizontal tick mark on these lines indicates the mean of individuals
CALs. '
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After completion of all periods of a market, summary statistics of that market appear
on three screens. The program pauses at the end of each screen for you to hit the
enter key before proceeding to the next screen. Hit enter key at the end of the final
screen to terminate the program.

Please note that the three summary screens in this simulation give you a market-by-
market summary. In contrast, the figures in the published paper aggregate the results
of the first two summary screens across one hundred such independently run markets.
The first summary screen shows the period-by-period mean and range of transaction
prices for the market just completed. The color corresponds to the signal for the
period and order is chronological. The demand/supply box and the horizontal lines
for equilibrium price ranges are included for the purpose of comparison.

The second summary screen shows the efficiency of each period of the market you
simulated on a 0-100% grid in chronological order. Color of the circle corresponds to
the signal for the period.

The third summary screen shows the mean and standard deviation of i’th transaction
across all green (brown) periods of the market you just finished simulating. Since
there is a total of 19 traders in the market, each with endowment of one security, the
expected trading volume is 10. Some periods will have fewer or more than 10 trades.
Therefore this screen will show the mean and standard deviations of 1st through
about 12th transaction price across all green (all brown) periods. Note that even if
you run each market for, say, 100 periods, you will only see about 12-13 green and
an equal number of brown means and standard deviations on this summary screen.
The purpose of these statistics is to see if there is a tendency for transaction prices
within trading periods to move in the direction of any of the benchmark equilibrium
predictions indicated by the horizontal lines. The demand/supply box and the
horizontal lines for equilibrium price ranges are included for the purpose of
comparison. _

After the third summary screen, the simulation continues to the next market if you
have asked for more.

Parameters of the simulation:

Distributions of various parameters of the simulation are given in the text of the paper.
Other parameters are as follows:

Number of traders 19
Number of iterations each period 5,000
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