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Abstract

We consider an experimental setting where tradessock markets or
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knowledge about the prior distribution of true assmues does not
hamper the decision making by traders and mark€kere is
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1. Introduction

This paper considers a simple experimental setivhgre traders in either stock
markets or exchange rate markets receive one atlypiece of information at a time about the
value of an asset. In financial markets, agent® lealy very limited information about the
distribution from which the value of any given dsge drawn, requiring them to form
expectations.

A key question we try to answer is whether the msseuncertainty (as opposed to
risk, following Knight's, 1921, distinction) intr8ic in the information set available to traders
makes them update their beliefs differently, resglin a different trajectory of market prices.
We isolate the effect of uncertainty by havingeatment where the distribution of true asset
values (shares or foreign currency) is very limit@ad one in which it is fully known..

This is of interest because both individual chogrel market experiments, (as in,
Ellsberg, 1961, and Sarin and Weber, 1993) show s$héjects dislike ambiguity, i.e.
Knightian uncertainty. While our paper is not abantbiguity aversiomper se, this literature
shows intrinsic ambiguity might matter when aggmtscess, and trade on, information.

Identifying whether uncertainty matters is impottéor another, and more general,
reason: if traders do not have sufficient informatabout the prior distribution of the value of
the asset (including the standard deviation), Bayesignal extraction (hereafter Bayes) is
not feasible in principle on the part of rationadpectations agents, unless they append
‘educated guesses’ about the prior distributionthiair inference procedure. If they refrain
from these auxiliary assumptions, the rational pduce is maximum likelihood estimation
(MLE) based on an average of the signals receiVldrefore, how we model expectation
formation is potentially a function of how agentsgess the intrinsic ambiguity in the market

environment.



Together with rational expectations based on eiB&yes or MLE, we allow for
traders and markets to respond sluggishly to tleipe of information. Sluggish belief
adjustment is considered, among others, by MankigvReis (2003), Carroll (2003) and Sims
(2003), and finds justification in experimental @smce showing that at least in some settings
agents over-utilize prior information (e.g., Camel®95).

We model the degree of belief conservatism by assythat agents holthferential
expectations (IE; Menzies and Zizzo, 2005, 2007), where ‘infeiah refers to classical
Neyman-Pearson statistical inference. Agents emalajassical statistical test of siaein
order to infer whether or not to retain the prialiéf (the null hypothesis) or switch to the
alternative belief, which is assumed to be the Rlde. The latter assumption implies that RE
corresponds tar = 1 as a corollafyand, in keeping with hypothesis testing, a loweralue
necessarily implies greater belief conservatism. r#ages between being completely
unresponsive to evidence € 0) and being completely untainted by belief @matism ¢ =
1). Intermediate values af create a profile of beliefs that attains RE framet to time,
interspersed with a ‘no change’ status quo in betwdf one can observe beliefs, or infer
them from actions, one can ‘back out’ arnvalue corresponding to the closest profile, on a
least squares criterion. IE can be considered lasuaded-rational ‘fast and frugal heuristic’
(Gigerenzer et al., 1999) employed due to atteatjorinformation-gathering and
information-processing costs.

Since IE is tied to RE, a modelling choice needbdaletermined on whether, when

agents switch to the alternative hypothesis, theyero the Bayesian signal extraction RE

¥ A Neyman-Pearson hypothesis test minimizes theahility of a type Il error, given a fixed probabilof a
type | error. If the latter is unity, one is corfipd to reject H always, thereby setting the former to zero. Since
Ho is always rejected, #1RE is always embraced.

4 Menzies and Zizzo (2005, 2007) provide experimestidence in favour of belief conservatism as niiede

by a < 1. Using a test siza as a way of modelling belief conservatism drawapiration on the scientific
practices of scientists, including economists, inglyon classical statistical inference and tes¢ s form and
revise their beliefs. For example, one author rekicriticism from a referee in a top-tier jourrdcause
significance was accorded to a test wifmaalue of 0.052.



(Bayesian RE in what follows) or to the RE basedlmaverage of the signals (MLE RE).
As such, Bayesian RE and IE belong to the sames cfamodel-consistent expectations, the
only difference being in the value af while MLE RE and IE belong to a different clads o
such expectations, again differentiated only byvélee ofa.

Our analysis also includes a standard adaptivectxpens (ADE) specification, with
a weight3 assigned to the previous period’s observatioroiming the current expectation.
ADE are included as they are often purported tgbed data descriptors despite a lack of
theoretical microfoundation (e.g., Mankiw, 2001)eeen any model consistency requirement.

Our key and surprising finding is that Bayesian miedof expectation formation,
whether RE or IE, tend to outperform the correspand/ILE models,even in the no prior
distribution knowledge treatments.

Furthermore, about 1/3 to 1/2 of the sessions edpelst described by assuming belief
conservatism(a < 1) with the remaining ones exhibiting noife@ ~ 1). This bimodality of
marketa values appears to be driven by a bimodality ofviddal agent types, with some
agents being rational in updating their beliefs atiters being conservative. We find that the
market exhibits continual and rational updatingrdérmation(marketa ~ 1) if the average
degree of belief conservatism of the individuatlénes is below a given threshold, which we
guantity. This bimodality corroborates the practieefinancial modelling of assuming two
types of agents, such as rational traders and ti@ders (e.g., Barberis and Thaler, 2003),
and is amplified rather than reduced at the leVetarket prices.

Our key results are robust to the frame usedJihether traders face an exchange rate
market or a stock market), and we cannot find angemce of agents in our preferred model
(Bayesian RE) becoming more rational as they refheatask. ADE fails to overperform (and

often underperforms) Bayesian models at the maeket.



Section 2 presents the theoretical setup and eaokitunder different expectations
regimes. Sections 3 and 4 describe the experimel@sign and results, while section 5

concludes.

2. Theoretical Setup and Solutions for Different Expetation Assumptions
2.1 Setup
The theoretical setup is one in which agents nmfst ithe value of a single parameter

drawn from a distribution:
A~(N\,0?)
Agents are presented with a sequence of noisy Isighae e ~ (0,02) which

contain information about this unknown parameter:

X =Ate
X, =A+¢e,
X =A+g

and they must guess after each xis revealed. We now outline two RE solutions.

2.2 The Maximum Likelihood RE Solution

The simplest solution is simply to average the aign

t t

2% 28
ytMLE — i:1t =1 +i=17 @

Conditional onA, this has all the desirable least-squares and muami likelihood
properties
E(y,"" ;) =4

2
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and the Gauss-Markov theorem holds.
Nevertheless, the estimator does not use all irdban. There is prior information on

the distribution of\, namelyA andac®.

2.3 The Bayesian Sgnal Extraction RE solution

Consider a class of solutions of the form:

yr¥e = 0N+ (1-0) %,

Yo" =0y5 +1-6)x, ®)

In other words, the first guess is based on a tedyaverage of the known mean of
A, namelyA, and the signal, with the optimal weights to beedeined presently. Thereafter,
agents use a recursion with the same weights.

In general, optimal weights for (2) depend on tineethorizon for which signals are
available. But the solution requires numericalimpation, so we derive the optimal weight

0 for the first period, and assume it prevails ia RE solutiorf. Consider the first period:

Y= =N+ 0-6)x
=ON+(1-6)(A +e)
=@1-0)g+A+0(AN-1)

=y -1 = L-6)e +8(N-1)
We now seeld that will minimize the expected value of the meanared error (MSE).

When taking the expectation, we do not conditiomopibecause we are seeking an optimal

® That is, conditional o it is the minimum variance estimator among the<laf all linear unbiased estimators.
® The formula for §¥**in (2) can be written a{l—8)[g +0e_, +...+8 " e]+A+6' (A-1). An

t
Optimal 8 which minimizez E(y®®*-\)%t, as in the text, requires a numerical solut@mit is a function of
i=1
t. When this expression is optimized for t=8, mour experiment, the optimal theta is 0.71. lal-kgorld
settings, RE must sometimes resort to some ‘fadtfraugal heuristics’ (Gigerenzer et al., 1999) asdw in the
text.



weight that takes account of its distribution. st derive the unconditional mean and

variance (V[.]):

E(y,**-1) =EQ-6)g +0E(AN-1)=0

1

V(Y2 - 1) =V(L-6)e) +V(O(A- 1))
= (1-6)* 02 +6% 0?)

We now minimize the MSE:

E[(y,** =) =V - A) HE(™ - )
= (1-6)202 +6%5%)+0

Bayes __ 2
B = - 24-6)0% +2607 =0
do
o;
= ¢ - o’ +0°?

Our RE solution is called®P® because this is a classic Bayesian signal exbracti
solution’ We now outline our IE solution to this problenefdre turning to the experimental

results.

2.4 Inferential Expectations

In each period agents conduct a hypothesis testdbas a previous guess of the
parameter. The hypothesis test is of the folloviorgn.

From the first period until the first moment ofeejion:
Ho: A=A

Hi: )\75/\

’ One subtle difference is that we do not requiremab distributions, even though, in fact, we do nsemal
distributions for our experiment.



That is, under IE all agents start with a null @eéibout\ which is that it is equal to the
mean of its distribution, namelx. In the experiment)\ is unity. As they receive signals,
they do the above hypothesis test based on thaegeef the signals. Since they conduct a
hypothesis test assuming the null-hypothesis vidu¢he signal, the test can be conditioned
on that hypothesized, so it is a classic sample-mean hypothesis tekgravonly the
volatility of e is relevant.

When the null is rejected, in period ‘s’, the IHwmn is the RE solution at that instant,
y"E. This value holds in every period thereafterjluhe next rejection. We have:

Ho:  y=y"%

Hi o yAy"5%

This process continues indefinitely. Wheneverrtak is rejected, the IE solution jumps
to the RE solution at the moment of rejection.

The test statistic for the hypothesis test is basethe average of the signals, since its

properties for statistical inference are well kndtvn

RejectH, if Z_,. isin arejectionregionof sizea.

Since we have outlined two possible RE solutions,have to allow for the possibility
that IE agents use either form of the RE solutibth@ moment of kirejection. If agents are
thought to use §fF, we call them MLE IE (and, naturally MLE RE déf=1). If agents are
thought to use 8*S we call them Bayes IE (Bayes REqifl). In the experiment, we vary

the frame (the signal is next period’s exchange, @t, next period’s share price) and we vary

8 If agents are given the true variances and theykie parent distribution of e is Normal, they mese the
Normal distribution, even for a small sample size.



what agents know (sometimes they know the variahdeand e and sometimes they do not).
But in each case the IE solution will consist ofipdic alignment with §°or YE
interspersed with a ‘no change’ default in between.

The calculation ofx proceeds as follows. Given a profile of actuayp(or, bids and
offers at an individual level), we simulate a ramfeE profiles incrementingt from zero to
unity by small steps (0.001). Thus for every vatdiex there is a profile of IE play, and we
can determine how ‘close’ the IE profile is to adtplay by measuring the sum of squates.
We then choose the valueafor the IE profile that minimizes this sum of s¢egm

This is illustrated below. On the left, the eigignals xbased on a draw &f=0.76 are
shown® On the right, agents, who see the signals, wbale different IE profiles foa=0,
0.5 and 1.0. Whea =1, we have plotted Bayes RE, correspondingedfyesian solution.
Whena = 0, we have total insensitivity to evidence, #melbelief never shifts from the null.

(Insert Figure 1 about here.)

Our algorithm repeated this for one thousand passibprofiles from 0.001 to 1.0
(naturally, this is not possible to plot) and sedddhe minimum sum-of-squares

2.5 Adaptive Expectations

Under Adaptive Expectations, agents follow™® = @y/)% +error and there is no

theoretical value fo@. It is obtained by Least-Squares when we analyzeesults.

° As discussed above, there are two possible IHpspBayes IE and MLE IE, depending upon whassumed
to be RE (Maximum Likelihood or Bayesian). We #fere calculate the minimum-sum-of-squares eardor
both Bayes and MLE IE.

% The random variablk has itself been draw from NE1, 0%.=0.25).



3. Experimental Design

The experiment was conducted between January ared2D08 at the University of East
Anglia.** Apart from the experimental instructions and ata@mjuestionnaire, the experiment
was fully computerized. A total of 240 subjectstiggrated in the 48 sessions: five subjects
participated to each session, and they participatedhe of four treatments (discussed below),
giving a total of 12 independent observations pEatiment. Subjects were randomly seated in
the laboratory. Computer terminals were partitionedavoid communication by visual or
verbal means. Subjects read the experimental cigins and answered a control
questionnaire before being allowed to proceed whith tasks. Experimental supervisors
individually advised subjects with incorrect anssver the questionnaires.

The experiment lasted up to 2 hours and was dividedfour stages, each divided in
turn in 9 tradingperiods. The assets traded were either foreign currencgr§iexchange rate
frame) or shares (in a financial frame). Subjeatisndbt know exactly what the intrinsic value
A of the asset was, though they knew that assetmedtéhe same valuk throughout each
stage though not across stages. They also recsigrdls from the beginning of period 2 of
each stage, as described below.

In the ‘limited prior knowledge’ treatments, suliggonly knew that the asset value was
drawn from a prior symmetric distribution with meéan(i.e., that on average the stock or
foreign exchange could be transferred one-for-ome pounds at the end of the stage), but
they did not know the exact shape or, cruciallgndard deviation of the prior distribution. As
a result, Bayes RE or Bayes IE was not feasiblessnwve assume that subject behaved as if
they made auxiliary assumptions. Without these, MREEand MLE IE are the only feasible
solutions.

In the ‘prior knowledge’ distribution, subjects vegorovided information about the prior
distribution in the form of a ‘table of frequencie®ffectively, a histogram - see the

instructions in the appendix -); information was\ded as a table of frequencies rather than

! The experimental instructions are provided inappendix.
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of probabilities since it is known that subjecteqass information more efficiently in terms of
the former than in term of the latter (e.g. Hertaitd Gigerenzer, 1999). As a result, subjects
could infer the standard deviation of the priortrlsition, and Bayes RE and Bayes IE
become feasible. The distribution actually used wes same in both the ‘limited prior
knowledge’ and the ‘prior knowledge’ treatmentswhs normal with mean 1 and standard
deviation 0.25: only the extent of knowledge altbetdistribution differed across treatments.

Overall, the experiment had ax22 factorial design crossing the frame employedc{st
market vs. exchange rate market) and the knowlatigat the prior distribution. We had four
treatments overall, AE (knowledge, exchange ramé), BE (limited knowledge, exchange
rate frame), AS (knowledge, stock market frame) B&d(limited knowledge, stock market
frame).

(Insert Table 1 about here.)

At the beginning of each period subjects receiveddits of each of two assets (foreign
and home currency in one frame, cash and shardeiother frame), with only imperfect
information about their intrinsic valuk at which they would ultimately be converted in
experimental points. The information that subjdws differed depending on the treatment,
and is described below, but was common across @shlpéany given session. Trade occurred
according to a Walrasian clearinghouse auction er@sim, with each subject being asked to
provide a buying price and a selling price. Theelleat efficiency properties of Walrasian
auctions are well-known, and close to that of deulictions (e.g., Holt, 1995). Trade
could only take place using the endowments receaté¢tle beginning of the relevant trading
period. A generic experimental session is represkint the diagram below.

(Insert Figure 2 about here.)

12 A Walrasian auction has the additional advantagfesnaking certain that an equilibrium market price
(exchange rate) would be formed (as bids and offer® required on the part of each trader), thertettwas a
single value of the exchange rate per stage arndath&rade was completed, with all bids and offeeing
elicited, within a shorter amount of time than ailole auction (in an experiment that could already bver two
hours, time was very much at a premium).
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At the beginning of each stage a new value fortthe valueA of the asset was drawn
applicable to the stage, and subjects knew thamFRhe beginning of period 2 onwards,
subjects received an independent noisy signal abwatvalue of the asset of the kind

discussed in section 2, i.e. of the foriv-e € ~ (0,07 . Subjects received a table of

frequencies illustrating the (normal) distributiohthe signal around its true value (see the
appendix). In AE and AS, they were also shownreti&ble of frequencies af

In all treatments, to help with understanding, eaty also received an example sheet
showing examples of how the economy may work irhesiage. At the end of each stage, the
units of the asset obtained were converted intoehoarrency (exchange rate frame) or cash
(stock market frame) using the true valhieAt the end of the experiment, one period was
chosen at random by the computer and each unibwfehcurrency or cash earned in that
period (whether directly or after the conversiomgs\) was translated into U.K. pounds at
the rate of 1 pound per unit. Mean experimentahpayt were 22-23 UK pounds (roughly 40

US dollars) per subject for between 1 %2 and 2 holwgork.

4. Experimental Results®

Subjects generally appeared to have a good unddmstpof the experiment, and asset
prices were almost always in the 0.5 to 1.5 rangk & mode around 1, which is what we
would expect with ouN [1(1, 0.25) distribution of true asset values (sigeife 3).

(Insert Figure 3 about here.)

Subjects bought asset units 62% of the times (BtvB®% and 64% depending on the
treatment). When they did buy, they generally boubgbtween 5 and 10 units in all
treatments: the average positive amount boughtstede across treatments and was around 7

units (6.96). Figure 4 illustrates the dynamicerthange rates, and, as an example, selling

13 All P values reported in this paper are two tailed



12

prices from an AE treatment session. There is sewigdeence of hold — move patterns at the
level of individual buying and selling prices whilearket prices are smoother in their
adjustment process.

(Insert Figure 4 about here.)

4.1 Estimating the degree of belief conservatism

We estimaten and3 values that, for each expectation model and angngsamplex,
minimize the sum of squared errors between obseavedpredicted exchange rates in the
given samplex. We call thisa (or B) value the (error-minimizingd (or ) by x. Typically
there will be a range af values with the same prediction, and so thereleilana i, and an
Omax DY X, respectively denoting the minimum and the maxinuatue ofa within the error-
minimizing range.

Our main attention is on Bayesian and MLEdAENd[ values by session, estimated on
the basis of market prices. It is useful, howet@icompare these values with the average
(andp) values by individual subject, estimated on theivaf each subject’s buying pricers
selling prices. Table 2 provides information ontbsets of data, and Figure 5 contains
histograms on the distribution afvalues™

(Insert Figure 2 and Table 2 about here.)

While estimated3 values tend to cluster around 1, averagealues by session are
around 0.6 in the case of Bayesian IE and 0.45héndase of MLE IE. These averages,
however, ignore the bimodality of the data as digpdl in Figure 5. About 1/3 to 1/2 of the
sessions have values close to 0, displaying belief conservatigrnereas the rest hawe

values close to 1, implying continuous belief upttags in RE models.

% Smoother market prices may be consistent withrbgémeousxt values by individual subjects, in the same
way in which in standard consumer theory a contisuaggregate demand schedule (e.g. a continuodsemar
demand for cars, in Nicholson’s, 2005) may follawnfi discontinuous (but heterogeneous) individuahaied
schedules (e.g., each consumer wishing to buyamdycar).

158 values are all clustered at values around orbjekiw 1 (e.g., th@ values by session range from 0.891 to
1.005).
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The only treatment which appears to have loweralues is the AE treatment. If we
compare MLEa values in the AE treatment with those in the qthee find that the
difference is statistically significant (Mann-Wheyn P < 0.02) except in relation to selling
prices (.s). Bayesiana values appear more stable and analogous tests Bhew0.05
significance only for individual buying pricé®.That being said, nonparametric Kruskal
Walllis tests or, say, Mann Whitney tests compatnegtments with exchange rate markets
with treatments with stock markets, or treatmerith \imited knowledge with those with full
knowledge of the prior distribution, are all statially insignificant, and so there fails to be
systematic evidence of an effect of providing morrmation on the degree of belief

conservatism.

ResuLT 1. The belief conservatism parameteis either close to 0 (belief conservatism)
or close to 1 (continuous belief updating). Markeices in between 1/3 and 1/2 of the
sessions exhibit a degree of belief conservatiseme@lly speaking, prior knowledge of the
prior distribution and the type of market are natistically significant factors, although there
IS some suggestive evidence of lowervalues in the AE treatment, especially when

computed using MLE.

Figure 5 and Table 2 also show a corresponden@eebatthis bimodality at the session
level and one at the level of individual tradersiying and selling prices. Spearman
correlation coefficients betweean by session and averageby individual buying (selling)
prices show a strong connection between the twth) wicorrelation coefficients between

0.637 and 0.744 (0.491 and 0.632) in relation tyeBalE (MLE IE) depending on the

® The P value is 0.089 in relation to Bayestam, values based on market prices and above 0.1 iotfadir
cases.
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treatment and whether,, or dmax is employed (P < 0.001 in all caséSFigure 6 and Table
3 help illustrating the connection between the two.

(Insert Figure 6 about here.)

They show that, when the averagéy individual is below a lower threshold between
0.3 and 0.45 (depending on the specific measurej it is almost always the case that the
market pricea by session is close to 0. Conversely, when theagesa by individual is
above an upper threshold between 0.4 and 0.6generally the case that the market pdce
by session is close to 1. This correspondence leetwevalues based on individual buying

and selling prices, amal values based on market prices, is robust acreasients.

REsSULT 2. The belief conservatism parameteris bimodal in relation to individual
buying prices and selling prices, with the two n®deeing either close to 0 (belief
conservatism) or close to 1 (continuous belief tipdh Prior knowledge of the prior

distribution and the type of market are not statdlly significant factors.

ReEsULT 3. There is an across treatments consistent comdspce between average
values based on individual buying or selling pricesl the aggregate values based on
market prices. When the averageby individual buying or selling prices is above @pper
threshold (between around 0.4 and 0.6), markeegngill generally displayr close to 1.
When the averager by individual buying or selling prices is below lawer threshold

(between around 0.4 and 0.6), market prices wlicgily displaya close to O.

7 Similarly, averagé values by individual are positively correlatediwinarket values by session (Spearman
p = 0.702 in relation to buying prices and 0.696dtation to selling prices, both P < 0.001). Cosedy, and
plausibly,a andp values tend to be negatively correlated.
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Another aspect of the relationship betweenalues based on market prices and those
based on individual buying or selling prices istthavalues based on market prices are more
polarized arounax = 0 ora = 1 than those based on individual buying or sgliprices. In
relation to marketr values, the average distance from either O or letsveen 0.021 and
0.135 depending on the treatment and on the speuniasure used (Bayes or MLdgyi, or
Omax); IN relation toa values based on individual buying or selling idbe average distance
by session from either O or 1 ranges from 0.27Q.44.4, as each session is likely to have a
mix of low and higha values type. The difference is always statistycalgnificant in any

corresponding pairwise comparison (P < 0.005 iniladXon test).

ResuLT 4. The market aggregation process operates byiziamarket prices into a
more bimodal pattern displaying either close to b@lieéf conservatism) or close to 1
(continuous belief updating) than what is obsera¢dhe level of individual buying and

selling prices.

That being said, Table 2 above shows that, on geef@ayesian market values are
higher than those estimated on the basis of indaliduying and selling prices: this was true
in 32 sessions, against 16 where it was not true QF03), and is not especially restricted to
any given treatment. The same statistically sigaiit conclusions do not hold for MLE
marketa values, while values are higher than the aver@gealues by individual in 47 out

of 48 session (P < 0.001).

ResuLT 5. B values and Bayesiam values based on market prices tend to be higher

than those by individual buying and selling prices.
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We also estimated (and[) values by stage. It is interesting to check whetharket
prices exhibited less belief conservatism as theement progressed. As shown by Table 4,
there is no evidence that this is the case forameeBayesian I& values, and, after stage 1,
there is no evidence of any systematic changeérsge MLEa values as weft?

(Insert Table 4 about here.)

ReEsuULT 6. There is no evidence of belief conservatisnaghgaring as traders gain

more experience, at least after stage 1.

4.2 Comparing the goodness of fit of different classes of models

We now use the sum of squared errors (SSE) betpeslicted and observed exchange
rates to compare the goodness of fit of the differasses of models: Bayesian RE or IE
versus MLE RE or IE and versus ADE. Figure 7 corapahe goodness of fit of different
expectation models in predicting asset values.

(Insert Figure 7 about here.)

In each of the four treatments, there is a cleaking, apart from adaptive expectations.
The least close to actual market play is the MLE #®Hkution, which has the highest SSE in
each treatment, followed by MLE IE. Next closesatbual play is the Bayesian RE solution,
followed by its Bayesian IE equivalent. The supetyoof IE over RE is unsurprising in the
light of section 4.1, since it trivially follows dm the estimated: being less than 1 in a
number of sessions, implying a degree of beliekeovatism.

The superiority of the Bayesian models over the Mh&dels is, however, surprising, as
it applies equally to all treatments, including tB& and BS treatments with limited

knowledge about the prior distribution. This supsty is unequivocally confirmed in

18 Similarly, there is no meaningful systematic trémaelation top.
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Wilcoxon tests (< 0.005), and is also confirmed if we look at SSEalation to individual
buying or selling prices. Across treatment differeiin SSE are never statistically significant

in Kruskal Wallis or Mann Whitney tests.

ReEsuULT 7. Bayesian expectation models have better pieeighower than MLE
expectation models in all treatments, includingsthavith limited knowledge about the prior

distribution.

The SSE in relation to ADE is lower than that itatien to Bayesian IE and RE in
treatment AE, but not statistically significantly. 8t is higher in the other treatments. Overall,
at the market level the Bayesian models outperféddE, marginally so in relation to
Bayesian RE (P = 0.055 in a Wilcoxon test) and notgarly so in relation to Bayesian IE (P
= 0.03) which, like ADE, has one estimated degrefeeedom ¢ instead of3). These results
contrast with the superiority of ADE over BayesRE at the level of individual buying and
selling prices, whereas there are no statisticsiliyificant differences in goodness of fit
between Bayesian IE and ADE at that level. Thera sense, therefore, that markets are

‘more rational’ (in terms of model consistency)rihadividuals.

REsSULT 8. At the market level, Bayesian expectation medgbbally outperform ADE

expectation models.

5. Conclusion

There are three main take home messages from #pisrpThe first is that explicit

knowledge of the prior distribution of true assatues is not crucial for subjects to behave
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(more) rationally. The second is that the Bayesmmal extraction framework describes
behavior just as well without such knowledge ato#s with it.

The third is that there is support for the modellpractice in behavioral finance and
economics which assume two types of agents, perficnal agents and some form of not
equally rational agents. Our belief conservatismapetera was bimodal — either close to 0
or 1 — for individual agents, and this bimodalitartslated into a bimodality of belief
conservatism in market prices.

The effects of the market trading are particulambgresting in this regard. It appears to
turn the somewhat bimodal distribution of indivitlbals and offers into a very stark bimodal
market distribution. If the average values by individual were above or below given
thresholds, which we quantified as being approxa@tyabetween 0.3 and 0.6, the market
outcomes neatly separated into near-unity and rexar- Our results suggest that simplifying
agent heterogeneity into two groups should notdmessarily regarded as a ‘mere’ modelling
device, though modellers are on stronger groundnwhey use this device for modelling
market play than they are when they use it for imgdeindividual decisions.

Our take home messages are robust to whether larstimiet frame or an exchange rate
market frame is used, and so have a degree ofajiépét Interesting, allowing for estimating
one degree of freedom in an adaptive expectatiotiehndid not enable adaptive expectations
to outperform Bayesian signal extraction modelsisltalso interesting that, on average,
according to our best performing Bayesian signalagtion framework, markets were ‘more
rational’ than individuals, as illustrated by higlee values and by the better goodness of fit
relative to adaptive expectations. While this remuin line with research on the disciplining
effects of markets (e.g., Evans, 1997), it willibteresting to determine in future research
why this result was obtained as opposed to thegtbelief conservatism result at the market
level found in the setup of Menzies and Zizzo (2003bviously, further experimental

research is needed.

' The AE treatment had suggestive evidence of gréedéef conservatism than the other treatments, dsuwe
discussed, the evidence is not robust if we us®8#yesian signal extraction framework to computealues.
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Appendix — Experimental Instructions

Treatments AE and BE

Experimental Instructions
1. Introduction

This is an experiment in the economics of marketisien making. The instructions are
simple and, if you follow them carefully and makeod decisions, you might earn a
considerable amount of money which will be paid/¢a in cash. Please raise your hand if
you have any questions at any point in the experime

The session is divided in fostages Each stage is divided inggeriods. At the start of each
period, you receive an endowment oftidinme currencyunits and 1@oreign currency units.
Market trading then occurs, according to the rgjescified below.

2. Information on the Economy

The exchange rate tells you how much home currgmey need to purchase one foreign

currency unit For example, if the exchange rate is 1.25, itmeethat you need 1.25 home

currency units to buy 1 foreign currency unit, \ghdn exchange rate of 1 means that you
need exactly 1 home currency unit to buy 1 foreigmency unit. The higher the value of the

exchange rate, the more the foreign currency ishwefative to the home currency.

At the end of each stage, after the final periediéris done, the foreign currency units you
have obtained in each period are converted intoehoorrency using thend of stage

exchange rate Theend of stage exchange rates randomly generated from a distribution
with anaverage end of stage exchange rate equal toThat is to say, if you were to choose
randomly the value of the end of stage exchange 1800 times, you would find that the
average value of the exchange rate would be 1thia¢.home currency and foreign currency
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would be worth the same. How different the endtafjs exchange rate is from 1 has been
determined by chance.

[Treatment AE only:]

Below 1 Above 1
Number

of times 250
out of 1000 that

true end of 200
stage exchange

rate is likely to 15
be in a given 150 13
range of values .

th
th
—
th
th

[
=
=
(s

100 27 27
60 60
32 32
1 15
S W S 0.2 1
0 01 02 03 04 0506 07 08 09 1 1112 13 1415 16 1.7 18 1.9 2
True end of stage exchange rate

50

tn

The graph just means that, if you were to find 1606urrences of the end of stage exchange
rate and were to count up the number of times w060 that the end of stage exchange rate
Is in a given range of values, you would obtain diretribution in the picture (or something
very close to it). Out of 1000 occurrences of thd ef stage exchange rate, 155 are most
likely to occur in the range between 1 and 1.10(8rand 1), 133 in the range between 1.1 and
1.2 (or 0.8 and 0.9), 97 in the range between id21a3 (or 0.7 and 0.8), and so on.

[Both treatments:]

Once the end of stage exchange rate is picked nalgdd is fixed for the entire stage. You
do not observe the true value of the end of staghange rate as such during the stage, but,
from the beginning of period 2 of each stage, atdtart of each period you receivsignal
about its value for the given stage. The signagsal to the true value of the end of stage
exchange rate plus measurement error. The size and direction of the measurement error
has been determined by chance.

300
Negative error Pogitive erTor
Number -
of times 250
out of 1000 that

measurement 200
e1ror is likely to

be in a given 155
range of values 150

th
th
—
h
h

100 97 97
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Signal: measurement error relative to true end of stage exchange rate

The graph just means that, if you were to find 10@0urrences of the signal and were to
count up the number of times out of 1000 that tle@snrement error is in a given range of

th
o




22

values, you would obtain the distribution in thetpre (or something very close to it). Out of
1000 occurrences of the measurement error, 15mase likely to occur in the range between
0 and 0.1 (or 0 and —0.1), 133 in the range betWwekand 0.2 (or 0.1 and —-0.2), and so on.

As you move from one stage to the next, the econismgset to its initial conditions and a
new end of stage exchange rate is determined, avitlaverage value of the end of stage
exchange rate once again equal to 1.

The enclosed Examples Sheet provides examples (pthf end of stage exchange rates
drawn from the distribution with an average of H &) of the kind of signals that, given the
measurement error, you may expect in the experifoengiven values of end of stage true
exchange rate.

3. Market Trading

A market opens up each period for foreign currenidye choices that you and the other
market traders make determine the value of theangdhrate. You set:
» aselling price at which you would be willing to sell foreign cancy, in exchange for
home currency;
* abuying price at which you would be willing to buy foreign cuney, in exchange
for home currency.
The selling price must be higher than the buyingepiPrices are always set in home currency
units. Note that they need not be round numbersefample, you could set 1.11 as selling
price and 1.09 as buying price.

We ask you to make your choices in less than twautes and thirty secondBlease stick to
this timetable, as it is essential for the sesdwrfinish in up to around two hours as
scheduled.

Once everyone has entered their choices, a cangbputer determines the “market-clearing
price” at which the total number of foreign currgrsold is equal to the total number of
foreign currency bought. The exchange rate forpgéeod is this market-clearing price; if
there is a range of market-clearing prices, the mder chooses the middle one as the
exchange rate. Trade then occurs at this exchatgeforeign currency is bought in exchange
for home currency at the exchange rate for theogeri

If you have stated a buying price higher than araédgo the exchange rate, then you are a
buyer for the period: you and each of the otherebsiypuy an equal amount of the available
supply, subject to none of you becoming bankruptdqu risk becoming bankrupt, you simply
buy as much as you can afford). If you have statselling price lower than or equal to the
exchange rate, then you are a seller for the peyiod and each of the other sellers sell an
equal amount to buyers, as long as you have enfauglgn currency to be able to do so (if
you have not got enough, then you simply sell ladl foreign currency you have). If your
buying price is loweand your selling price is higher than the exchange,rtiten you do not
trade for the period; if everyone is in this sitaaf then no one trades for the period.

The computer will inform you about the exchange rabout the amount of foreign currency
that you have been able to buy or sell, and aldwaitoverall amount of home and foreign
currency that you now own.
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As you move from one period to the next, you caddrwith a new endowment of 10 home
currency units and 10 foreign currency units.

4. Session Earnings

At the end of the session one of the periods waéllgicked up at random. Your overall
earnings for this period — namely the sum of yooimb currency units and of your foreign
currency units, converted into home currency umitsthe corresponding end of stage
exchange rate - will be converted into UK poundshat rate ofl pound (one pound)per
home currency unit.

6. Notes on the System

Your selling and buying prices are crucial in deteing your home and foreign currency
holdings on the basis of which you are paid atethe of the experiment. In choosing a selling
price, make sure that you would only be willings&l your foreign currency if the price were
that high or higher. In choosing a buying price kemaure that you would only be willing to

buy foreign currency if the price were that lowlawer. Remember that prices with decimal
places, such as 1.36 and 0.64, are perfectly aaduiept

How should you determine your buying prices antirgeprices if you want to make money
out of the experiment? It makes sense for you tsicker the end of stage exchange rate. You
would want to buy foreign currency if the exchamgte were below your best guess of the
end of stage exchange rate, and you would wargltdageign currency if the exchange rate
were above your best guess of the end of stageargetrate.

Before starting to take decisions, we ask you tollfthe enclosed questionnaire, with the

only purpose of checking whether you have understaothese instructions. Raise your
hand when you have completed the questionnaire.

Treatments AS and BS

Experimental Instructions
1. Introduction

This is an experiment in the economics of marketisien making. The instructions are
simple and, if you follow them carefully and makeod decisions, you might earn a
considerable amount of money which will be paid/éa in cash. Please raise your hand if
you have any questions at any point in the experime

The session is divided in fogtages Each stage is divided ingriods. At the start of each
period, you receive an endowment of 10 unitsca$h and 10stock market shares in a
company. Market trading then occurs, accordindnéortiles specified below.

2. Information on the Economy

The share price tells you how much cash you nequitohase one stock market shdfer
example, if the share price is 1.25, it means yoat need 1.25 units of cash to buy 1 stock
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share, while a share price of 1 means that you aractly 1 unit of cash to buy 1 stock share.
The higher the stock price, the more stock sharesgvarth relative to cash.

At the end of each stage, after the final periatidris done, the stock shares you have
obtained in each period are converted into cagshgusieend of stage share priceTheend

of stage share pricas randomly generated from a distribution withauerage end of stage
share price equal to 1 That is to say, if you were to choose randoméy\thlue of the end of
stage share price 1000 times, you would find thataverage value of the share price would
be 1, i.e. that a unit of cash and a stock sharddame worth the same. How different the end
of stage share price is from 1 has been deterniogpethance.

[Treatment ASonly:]
300
Below 1 Above 1
Number
of times 250
out of 1000 that
true end of 200
stage share
priceis likely to 155 155
be in a given 150 33 133
range of values . =
60 60
1Y e 32 32 -
X 5 5 )
0 1 2 6 6 2 1

0 01 02 03 04 0506 07 08 09 1 1112 13 1415 16 17 18 1.9 2
True end of stage share price

The graph just means that, if you were to find 166€urrences of the end of stage share price
and were to count up the number of times out oD1iB@t the end of stage share price is in a
given range of values, you would obtain the disttitn in the picture (or something very
close to it). Out of 1000 occurrences of the endtafje share price, 155 are most likely to
occur in the range between 1 and 1.1 (or 0.9 andi3B in the range between 1.1 and 1.2 (or
0.8 and 0.9), 97 in the range between 1.2 andot.G.7 and 0.8), and so on.

[Both treatments:]

Once the end of stage share price is picked randams fixed for the entire stage. You do
not observe the true value of the end of stageeshidce as such during the stage, but, from
the beginning of period 2 of each stage, at the efaeach period you receivesgnal about

its value for the given stage. The signal is edaahe true value of the end of stage share
price plus ameasurement error. The size and direction of the measurement erasrbeen
determined by chance.
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Negative erTor Pogitive e1Tor
Number -
of times 250
out of 1000 that
measurement 200
e1ror is likely to

be in a given 155 155
range of values 150 33 133
100 2 2
60 60
50 32 32
15 15
5 1 2 6 —1 6 2
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Signal: measurement error relative to true end of stage share price

The graph just means that, if you were to find 10@0urrences of the signal and were to
count up the number of times out of 1000 that tle@snrement error is in a given range of
values, you would obtain the distribution in thetpre (or something very close to it). Out of
1000 occurrences of the measurement error, 15mase likely to occur in the range between
0 and 0.1 (or 0 and —0.1), 133 in the range betwekand 0.2 (or 0.1 and —-0.2), and so on.

As you move from one stage to the next, the econismgset to its initial conditions and a
new end of stage share price is determined, withvamage value of the end of stage share
price once again equal to 1.

The enclosed Examples Sheet provides examples(@ptf end of stage share prices drawn
from the distribution with an average of 1 and {b)the kind of signals that, given the

measurement error, you may expect in the experifoengiven values of end of stage true
share price.

3. Market Trading

A market opens up each period for stock shares.chb&es that you and the other market
traders make determine the share price. You set:
* aselling price at which you would be willing to sell stock shares exchange for
cash;
e abuying price at which you would be willing to buy stock sharesgexchange for
cash.
The selling price must be higher than the buyirigeprPrices are always set in units of cash.
Note that they need not be round numbers: for el@nypu could set 1.11 as selling price
and 1.09 as buying price.

We ask you to make your choices in less than twautes and thirty secondBlease stick to
this timetable, as it is essential for the sesdwrfinish in up to around two hours as
scheduled.

Once everyone has entered their choices, a cangbuter determines the “market-clearing
price” at which the total number of stock sharekl 38 equal to the total number of stock
shares bought. The share price for the periodissntiarket-clearing price; if there is a range
of market-clearing prices, the computer choosestitkelle one as the share price. Trade then
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occurs at this share price: stock shares are bangiichange for cash at the share price for
the period.

If you have stated a buying price higher than ara¢dp the share price, then you are a buyer
for the period: you and each of the other buyegsduuequal amount of the available supply,
subject to none of you becoming bankrupt (if yak hecoming bankrupt, you simply buy as
much as you can afford). If you have stated arsglfirice lower than or equal to the share
price, then you are a seller for the period: yod aach of the other sellers sell an equal
amount to buyers, as long as you have enough stales to be able to do so (if you have not
got enough, then you simply sell all the stock skarou have). If your buying price is lower
and your selling price is higher than the share priben you do not trade for the period; if
everyone is in this situation, then no one tradeshe period.

The computer will inform you about the share pradeout the amount of stock shares that you
have been able to buy or sell, and about the dvaraunt of cash and stock shares that you
now own.

As you move from one period to the next, you caddérwith a new endowment of 10 units of
cash and 10 stock shares.

4. Session Earnings

At the end of the session one of the periods welldicked up at random. Your overall
earnings for this period — namely the sum of yaashcand of your stock shares, converted
into units of cash at the corresponding end ofestitare price - will be converted into UK
pounds at the rate &fpound (one pound)per unit of cash.

6. Notes on the System

Your selling and buying prices are crucial in deteing your cash and stock shares holdings
on the basis of which you are paid at the end efetkperiment. In choosing a selling price,
make sure that you would only be willing to seluystock shares if the price were that high
or higher. In choosing a buying price, make sueg ylou would only be willing to buy stock
shares if the price were that low or lower. Rementbat prices with decimal places, such as
1.36 and 0.64, are perfectly acceptable.

How should you determine your buying prices antirgeprices if you want to make money
out of the experiment? It makes sense for you twider the end of stage share price. You
would want to buy stock shares if the share prieeewbelow your best guess of the end of
stage share price, and you would want to sell sshekes if the share price were above your
best guess of the end of stage share price.

Before starting to take decisions, we ask you tollfthe enclosed questionnaire, with the
only purpose of checking whether you have understaothese instructions. Raise your
hand when you have completed the questionnaire.
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Figure 1. An Example of Market Dynamics
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Figure 3. Histograms of Asset Values
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Figure 4. An Example of Market Asset Values and Pmictions
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Figure 5. Histograms ofa Values

(a) a Values Based on Market Prices
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(b) Bayesiana Values Based on Individual Buying Prices and Seflig Prices
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Figure 6. Scatterplots Matching Meana by Individual Buying and Selling Prices witha

by Session Based on Market Prices
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(b) MLE a Values
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Figure 7. Goodness of Fit of Different ExpectatiotModels
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Bayesian signal extraction based rational expexctat{inferential expectations);
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Table 1. Experimental Treatments

Treatment Al Treatment Bl

Knowledge of Prior Distributiol No Knowledge of Prior Distributic
Exchange Rate Frai Exchange Rate Frat

Treatment A: Treatment B

Knowledge of Prior Distributiol No Knowledge of Prior Distributic
Stock Market Fran Stock Market Fran

Note: 12 sessions were run in each treatment.

Table 2. Estimated Meana and 3 Values by Method and Treatment

Treatmer
AE BE AS BS Overal
Bayes  Market pricesa,,;, 0.435 0.699 0.644 0.6 0.594

Omax 0.451 0.718 0.664 0.632 0.617
Buying prices O, 0.4 0.44 0.438 0.432 0.427
Omax 0.511 0.547 0.537 0.545 0.535
Selling prices 0, 0.338 0.437 0.427 0.408 0.403
Omax  0.459 0.538 0.558 0.521 0.519
MLE Market prices 0, 0.221 0.545 0.531 0.529 0.456
Omax 0.228 0.558 0.543 0.535 0.466

Buying prices 0, 0.317 0.345 0.36 0.38 0.351
Omax  0.409 0.449 0.466 0.476 0.45
Selling prices O, 0.28 0.418 0.372 0.4 0.368
Omax  0.378 0.509 0.468 0.493 0.464
ADE Market price 3 0.987 0.971 0.96¢ 0.97¢ 0.97¢
Buying price: 3 0.997 0.91¢ 0.90: 0.891 0.92¢
Selling price B 0.932 0.89¢ 0.88¢ 0.90¢ 0.90¢

Notes: a andf3 values were estimated by minimizing sum of squares between actual and
predicted values. Bayes refers dovalues estimated based on Bayesian signal exiracti
MLE refers toa values estimated based on maximum likelihood ediom. ADE: adaptive

expectations estimated by OLS.
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Table 3. Approximate Upper and Lower Thresholds onCorrespondence between

Market Price a Values and Average Individuala Values

Threshol
Lower Uppel
Bayes  Buying pricest i, 0.4 0.5
O max 0.45 0.6
Selling prices Oy, 0.3 0.4
O max 0.4 0.6
MLE Buying prices O, 0.3 0.45
O max 0.4 0.5
Selling prices O, 0.35 0.45
Onax 045  0.55

Note: The thresholds are approximate to the closest\alle.

Table 4. Estimated Meana and 3 Values By Stage

Stage 1 Stage 2 Stage 3 Stage 4
Bayes O, 0.439 0.505 0.442 0.457
Omax 0.545 0.618 0.563 0.58
MLE Omin  0.229 0.424 0.56 0.416

Omax  0.317 0.551 0.658 0.491
ADE B 0.969 0.968 0.975 0.962




