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ABSTRACT

A computerized double auction market with human tradersis employed to examine the
relation of priceand volume under conditionsof asymmetric information. In this market,
the informed traders receive higher precision signals than the uninformed traders. The
relation of price and volume has been suggested as an important factor in the process of
information revelation whereby information held by informed tradersis transferred to
uninformedtraders. In contrast, the no-trade theorems suggest that trade should not occur
at all betweeninformed and uninformed traders. The results show trading volume within
the informed group to be positively correlated with signal precision. In situations of
asymmetric information, uninformed trading activity as measured by volume/precision
correlations declines significantly as the precision of the signals of informed traders
increases. However, the presence of asymmetric informationdoes not lead to a zero trade
condition for either the informed or the uninformed traders.
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I n competitivemarket situations, pricesmay beless than fully revealing only temporarily. If

insider traders are present in a market, insiders information is sometimes described as "leaking"
out into market prices as an invisible process, whereby all information eventually appears in
equilibrium prices. Whilethis process is not well understood, one explanation is that observing
price dynamics will indicate how information is incorporated into prices over time. However,
time series studies of prices often find that previous prices are often good predictors of current
prices, at least of the expected current price, so that reactionto current informationis obscured.
Fama (1970) argued that when market equilibrium is stated in terms of expected prices, prices
fully reflect availableinformation. The Hayek hypothesis as defined by Smith (1982) predicts
that a suitable market institutionis sufficient for pricesto eventually convergeto the competitive
price. Neither of theseviews serveto explainthe process of priceadjustment to new information.
We are interested here not so much a the situation in which expectations have been formed or
prices have converged, asin thetemporary condition during which pricesare becoming revealing,
and expectations are being formed.

Itis believedthat when prices areless than fully revealing, factorsendogenousto thetrading
environment influence the information relevation mechanism. These factors include the
institutional structure of the market regulating the manner in which traders interact. The
information revelation mechanism can be studied by observing the process of price formation. A
key endogenous variablewhich may be due in part to the market institution is the intensity of
typical trading activity. Volume or the number of trades are examples of measures of trading
intensity. Theimportanceof volume as an endogenous variablein market mechanismshas only
recently been studied (see, e.g., Lang, Litzenberger, and Madrigal (1992) and Blume, Easley, and
O'Hara (1994)) but theimportanceof volumestatisticsis as yet not well understood. Up to now,
laboratory analysis has not much been used to describe the role of volume, or to test the recent
theoretical models.

This laboratory analysis focuses on the behavior as seen in the volume of trading by
asymmetrically informed traders. The experiments are designed to demonstrate how traders
change their behavior based on relative differences in information. As traders change their
behavior by adjustingtheir demandsin the course of trading, prices will be directly affected. The
price effect will be attributed to the fact that prices do not fully reflect all availableinformation.

Whilethe processin which information is incorporated into prices cannot be observed directly,
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these experiments examine how traders react to differencesin information. Traders' reactions to
these conditions of asymmetric information are studied by examining market prices together with

the volume of trading.

I. Review of the Experimental Literature & Relevant Theory

The experimental sessions described here extend existing experimental results on information
efficiency in asset markets by focusing on how expectations are formed. The analysistests if
volume as an observable element of the trading environment is related to the formation of
expectations. Since expectations arethefocus, it may not be surprising that while expectationsare
being formed, the market may not be fully informationally efficient. In fact, the experimental
literatureis fairly convincing in demonstrating that asset marketsare less than fully informationally
efficient.

Forsythe, Palfrey & Plott (1982), Plott & Sunder (1982, 1988), and Friedman, Harrison &
Salmon (1984) examinethe convergenceof pricesto variousdegrees of efficient equilibrium, and
identify characteristics of asset markets which appear to increase the regularity of convergence of
prices. Copeland & Friedman (1987, 1991) include measures of private information, and define
variationsof the rational expectationsmodel for experimental asset markets which correspond to
the common categoriesdescribing market efficiency. Carthew (1990) and Merys (1990) test the
robustness of strong-form informational efficiency when the proportion of insider traders is
increased. Friedman (1993) examinesasset market efficiency for varioustrader privilegessuch as
order flow information and delaysin information, and finds that certain types of privileges are
useful to insiders. Private values are used and information is in the form of “good” and “bad’
signals. Order flow has also been studied by Schnitzlein (1994) where it was shown that insiders
do tend to influence overall order flow. Complete surveys of asset market efficiency in the
experimenta literature are found in Sunder (1995) and Duxbury (1995).

The current study is unique in that common values contingent on a state of nature are used
instead of privatevalues to study convergence to arational expectation equilibrium, and privileges

are defined by the quality of signalsinsiders receiveas to the value of the asset traded. While

' Predictions of informational market efficiency have been classified by Fama (1970) as either weak, semi-
strong, or strong form efficient. Weak form efficiency suggests only public information is reflected in equilibrium
prices. Semi-strong form efficiency predicts that all public and some private information will be reflected in
equilibrium prices. Strong form efficiency predicts all information, public and private is incorporated into the
equilibrium market price.
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previous studies examined the usefulness of order flow to insiders, the current study examines if
publicly available order flow information, in the form of volume statistics, might be useful to
informed as well as uninformed traders. This study is aso unique in that zero intelligent, robot
traders, areused as liquidity tradersin acommon value market, and allow counterparty and order

flow results to be analyzed in this context.

A. TheTheory of Trading under Asymmetric Information

Themodel of trading under asymmetric information by Grossman & Stiglitz (1980) consists
of arisky and asafe asset, and two groups of traders. Information is costly, and the traderswho
choose to purchase information become theinformed traders whilethose who do not are referred
to as uninformed. The model solves for the proportion of informed and uninformed tradersin
terms of a set of model parameters including the quality of the available information and
uncertainty as to the value of therisky asset. The model is set in anoisy rational expectations
framework.

The conclusion Grossman & Stiglitz reach is that when informationis costly, prices cannot
fully reflect this costly information. And secondly, an equilibrium cannot exist under rationd
expectations without some noise or uncertainty in the system. In their discussion of the thinness
of speculative markets, especially Theorem 6, it is shown that if the cost of information is
sufficiently large or small, themean and varianceof thevolume of tradeis zero. Alternatively, as
the precision of the informed traders' information becomes very large, the mean and variance of
volume of trade goesto zero.

Itisthethinnessof trading for certain small equitieswhich isthefocus of asubsequent paper
by Blume, Easley, and O'Hara (1994) (henceforth BEO). They present a noisy rationd
expectations model similar to that of Grossman & Stiglitz, and focus on therole of volume under
asymmetric information. Contrary to Grossman & Stiglitz, however, volume does not become
insignificant but rather reaches a stable limiting distribution. The model has both informed and
uninformed traders eachreceiving a costlesssignal at the start of trading. Traders arethen ableto
trade a riskless and a risky asset based on these signals. The only distinction between the
informed and uninformed tradersis in the level of precision of their respectivesignals, and this
createsinformation asymmetry. Whereasin the Grossman & Stiglitz model, only the informed

traders could purchase a costly signal, in this model both groups of traders receive a costless



signal.

While the Grossman & Stiglitz predictions of the effects of costly information cannot be
compared with BEO, predictions concerning the mean and varianceof trading can be compared
across thesetwo models. The Grossman & Stiglitz model predictsthat the volume of tradewill go
to zero as the precision of the signals of the informed traders increases while the BEO mode
predictsthat the volume of trade will not go to zero but will reach alimiting distribution. BEO
arguethat asthe precision of signalsof theinformed tradersincreases, they takelarger positionsin
therisky asset in order to exploit small price discrepancies. Thisisthefirst hypothesisto be tested
in the current study.

A second prediction of the BEO model concerns the behavior of the uninformed traders.
Initially theinformed traders have an advantage over the uninformed traders because their signal is
more precise. However, this advantagetends to dissipate during the course of trading as prices
convergeto a single equilibriumprice. This assumes that equilibriumin prices occurs when the
pricesof therisky asset reflectsthetrue or fundamental valueof asset. In the Grossman & Stiglitz
model, once an equilibrium price is reached, price becomes a sufficient statistic for all the
information in the market, and the precision of the uninformed signal becomes irrelevant. The
convergenceof prices to equilibrium might be described as a process where preciseinformation
which oncebelonged only to theinformed traders 'leaks out' and eventually becomesavailable to
the uninformed traders in the form of the market price. Given a choice, uninformed traders will
eventually choose the market price over their own information, hence, the equilibrium priceis a
sufficient statistic for all market signals.

In the BEO model, the focus is not on equilibrium prices as sufficient statistics but on the
trading activity of theinformed and uninformed traders. Rather than wait for priceequilibrium to
be reached, and informationto be revealed in equilibrium prices, uninformed traders attempt to
estimate the precisions of the signals of the informedtraders. Thisis accomplished by observing
trading volume, and understanding the rel ation between volumeand pricechanges. The prediction
of the BEO model is that uninformed traders observe trading volume and use this information to
predict the precision of the informed traders' signals. In this context, price is not a sufficient
statistic, and it is expected that uninformed traders change their behavior based on the observed
trading volume. Thisisthe second hypothesisto be tested.

Another possible reaction for the uninformed traders is to simply refuse to trade with the
better informed traders. The no-trade theoremsof Milgrom & Stokey (1982) and Tirole (1982)
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demonstrate the conditions under which it would be irrational to ever agree to trade with a better
informed trader. Whilethe BEO model describes how uninformed traders use volume to better
estimatethe precision of the informed traders' signals, these estimateswill always be inferior to
complete knowledge of the information of informedtraders. If thisis the case, thenthe no-trade
theorem suggests that it is irrational for uninformed traders to trade with the informed traders.
Thisformsthe basis of the third and final hypothesis to be tested.

. Experimental Design

In the experimental sessions, one group of tradersis given information of higher precision
than another group. The subgroup with the highest (lowest) precisioninformationis defined as
the group of informed (uninformed) traders. The experiments vary the precision of the
information provided to the informed traders as well as the identity of the informed traders.
Information givento tradersisin form of an estimated precision of the redemptionvalue of arisky
asset. Information precisionis measured by the standard deviation of the signal describing the
redemption value of therisky asset.> Since uninformed traders are always given information
which is less precise than the information given to the informed traders, it is possible that the
uninformed tradersmay find it useful to estimate the precision of thesignal of theinformed trader.
This would then provide an estimate of the degreeof information asymmetry in themarket. The
uninformed traders might then decidewhen if at all they should limittheir tradewith theinformed
trader due to the degree of asymmetric information.

Three areas are examined in the context of the experimental sessions. Oneconsidersonly the
informed traders, and the other two examinethe reaction of the uninformed tradersto theinformed
traders. First, when trading with other informed traders, do the informed traders increasetheir
trading activity as the precision of their own signal increases? Thatis, as the precision of the
group's signal increases will thevolume of tradealso increase? Second, how do the uninformed
tradersreact the situation where the informed traders have high precisionsignals vs. low precision
signals? Third, how important is the no-trade theorem in this context? If thereis a positive
probability that uninformed tradersare facinginformed traders, will trading volume decline based
on this probability?

> By this definition, a high precision signal is drawnfrom a distribution with a small standard deviation,
whereasa low precision signal is drawnfrom a distribution with a larger standard deviation. This definition was
chosen to simplify the player instructions. A more common definition which datesback at least to Fisher (1935) is
to define precision as the reciprocal of variance.



A. Specifications

The design specified hereis a modification of the design used by Copeland and Friedman
(1987) to test the effect of sequential arrival of information in a CDA ingtitution.> The design
employs the same double auction software used to compare common vs. privatevaluesin Merys
(1990) and to document the behavior of informed traders in Carthew (1990). The main
modificationsfrom previous designs included new specificationsfor the profit module, the
creation of synthetic robot player modules, and the specifications for the timing and content of
market signals.

Trading takesplace over multiple trading sessions calledtrading days. Theduration of each
trading day is 120 seconds during which traders are allowed to submit market orders and
participatein transactions. Thereis no limiton the number of market orders or transactionsby any
traders although the initial endowments of each trader are limited. Profits earned during each
trading day accumulatethroughout the experimental session and are paid out to participantsin cash
at the end of the session.

Nine experimental sessions were conducted with six human traders participating in each
session. Each subject was assigned to be either an informed trader (3 traders) or an uninformed
trader (3 traders) at the beginning of each period. During the course of the session, the role of
each participant changed so that uninformed (informed) traders becameinformed (uninformed).
The role of each trader was specified by a control file, and did not depend on individual traders
actions. Five sessions were conducted with inexperienced players, two with experienced players,
and one with a mix of experienced and inexperienced players.® Five control fileswere created for
thesesessions. Threesets of 30 periods were created for inexperienced players, and each set was
used twice. Two sets of 40 periods were created for experienced players.

In addition to informed and uninformed participants, synthetic traders called robots
participatethroughout the sessions. The activities of the robot arelimited by their endowmentsas

were the real participants. The robots do not, however, react to market generated information.

® The experimental design uses the Double Auction Market (DAMKT) softwaredeveloped by Daniel Friedman,
now at the University of California-Santa Cruz.

* The majority of subjects were recruitedfrom a pool of subjects with experiencein Cason & Friedman's
(1996) call market institution, a similar screen based market institution. In this way, the commonality across
institutions was exploited. The double auction and the call market trader screens are nearly identical, and use the
same set of keysto placebidsand offers. The new aspects for this study wererules of trading, the profit rules, and
the information provided on trader screens. While experiencewith a similar institution was valuable, experience
with the new environment proved to have a significant effect on trader behavior.
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Their activity is confined to buying or selling at random times based on their pricesignal. For
example, if thesignal is$1.20, a robot might place an order to buy or sell at this price. Thistype
of activity is oftenreferred to as liquidity trading. The purpose of alowing robotsisto generatea
minimum level of trading activity at al times, and provide a positiveincentive to trade. Thislower
threshold could be satisfied simply by including morereal participantsbut using robots lowersthe
total cost of the experiments. Using robots has an additional benefitin that it allowsfor thetraders
with entirely consistent if not predictablebehavior, and thus they serve as auseful control group in
analyzing the behavior of less predictable real traders.?®

All traders of both types are endowed with 5 shares and $25 at the beginning of eachtrading
period. Theredemption value of theshares is drawn from a truncated normal distributionwith a
mean value of $2.50 and standard deviation of $1.00. Values drawn outside the range $0 to $5.00
are replaced by redrawing from the same distribution. The redemption value of the sharesis
commonto all traders. The redemption value of the each of these sharesis estimated by a price
signal, and these signals are unique and private information for each individual trader.

Player instructions are provided in Appendix A, and representations of players screensis
shown in Appendix B. The trading day begins with each trader receiving a private price signal.
At thistime the traders are not identified as informed or uninformed. For the first 20 seconds of
the trading day, there is no additional information given to the traders although traders may
generate market information by submitting orders and executing transactions. After the initia 20
seconds, signal precisions are sent to each of the traders' screens where signal precisions are
defined as the standard deviation of the distribution from which the signal is drawn. At 120
seconds the trading day terminates, and the redemption value of the shares are posted.

Signals are aso drawn from a truncated normal distribution with a mean value set equal to
theredemption valueof theasset, and percision determined by the trader type. Signals aredrawn
from atruncated normal distribution instead of a simpler uniform distribution because the long tails
of the normal distribution allow uncertainty not found in a uniform distribution, and this
uncertainty allowsagreater potential variety of trader beliefs. Of course, reducing the precision of
the draws from any distribution increases uncertainty, but this can also lead to signals which are

less meaningful to all traders. The normal distribution has the nice property that when the

* Liquidity trading through the use of robots has only recently beeninvestigated. It wasbelieved that liquidity
trading was necessary to providea profit incentivefor traders since otherwisethe market is atrue zero-sumgame. In
other common value experiments such as Merys (1990) and Carthew (1990), traderswere paid a fixedamount at the
end of the session. While tradersas a group might receive the same amount with robots or with fixed payments,
robots allow individual real tradersto compete for bonus profits and thereby provide profit incentives during each
period of asession. Schnitzlein (1994) also employs computer generated trades to represent noise (liquidity) trading.
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precision of the draws is reasonably high, signals will tend to be useful for the trader in the
majority of cases while only occasionally will there be a misleading outlier signal. An outlier
could be considered ssimply a case of bad luck for the trader.

Traders profitsfor eachtrading day are based on the redemption value of the asset reveded
at the end of the trading period. The redemption value is the same for each type of trader,
informed and uninformed. Total profits for the period are calculated at theend of each period by
taking the difference between the value of shares purchased or sold and the redemption value for
that period. For example, if theredemptionvauewas $1.20, and if trader bought (sold) of shares
at $1.10 ($1.30) then profits would be $.10 for each share purchased (sold). In addition, traders
may earn profits by buying (selling), and then reselling (repurchasing) these same shares at a
higher (lower) price within the trading day.°

A bonusof 25¢ is paidto eachtrader at the end of each period as additional incentive. This
bonus is added to a trader's the profit or loss to arrive at the total for the particular trading day.
The contribution to trading profits range between $5.00 and $10.00 depending on the completed
number of periodsfor the session. The detailsof this calculation, and the total profits for dl
previous trading days are displayed on the traders’ "interim trading screens’. These screens
appear for 20 to 30 seconds between each trading period. The profits displayed on these screens
are private. Each trader can track their own profit performance but not the profit performance of
other tradersin the session.

The experimental design does not lead to a zero sum game as in most common vaue
environments. Profitsare earned from other real traders as by convention, and additional profits
may be earned by tradingwith robot tradersor through the trading bonus. Since losses by robot
traders are expected, these losses represent a transfer to real traders. The transfers from robots
create a positive sum game for the real traders.

The mean difference between a trader signal and the asset worth ranges from less than one
penny to about 17¢ below the asset worth. The maximum differenceis $1.43 for trader 5 in
control fileSet I. The difference between the mean signal which represents the aggregatetrader
information, and theasset worth is less than 5¢, and over thefive sets averageslessthan2¢. The

averagevalueof theasset worth is $2.37 over thefivesets. Thedistributionfrom which the asset

® Valuinginitial endowedsharesat eachtraders signal wasalso considered. This would confuse, however, the
calculation of profits since some shareswould be valued accordingto private values and others accordingto common
values. This method may also invite tradersto succumb to the sunk cost fallacy as tradersmay be forcedat times to
begin a trading period in a losing position. A similar problem arises when risk averse tradersare endowedwith
random endowments of a risky asset. Some traderswill immediately be at a disadvantage relative to other traders
because they are exposed to greater market risk (transaction risk as differentiated from price risk).
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worth is common knowledge to all traders. The average asset worth is above traders' prior
estimate of $2.50 in two sets, and below the prior estimate in the remaining three sets.

B. Informational Efficiency & Testable Hypotheses

Trader performance might best be estimated by how well traders use the information
providedto them. Thiscanbe doneon anindividual trader level wherethe relevant informationis
the trader’s individual signal, and on a more aggregated level where the relevant information
includes the information providedto all traders. Several questions can be explored: 1) how well
do traders aggregate their own private informationwith the information available from observing
themarket. 2) how closely do transacted pricesfollow thetrue worth of the asset. 3) do informed
and uninformed traders use information in the same way.

The first two questionsallow this market to be characterized as a private information (Pl) or
rational expectations(RE) model. The third question considers strategic trading behavior where
informed traders might wish to keep their superior information out of the hands of the uninformed
traders. The method of analysisis to examinethe how closely transaction prices for individual
traders match the information known to be available to the same trader. The difference between
the transaction price and private information is summarized by using the mean absol ute deviation
(MAD). Thestatisticsare computed for the difference between the transaction price and aggregate
information, and between the true worth, information, and price. If transaction prices more
closely match the aggregate market information as opposed to private information, then this market
can be characterized as a market exhibiting rational expectations.

To satisfy what may be considered necessary requirements of arational expectationsmarket,
traders must be capable of updating their prior beliefs with new private information (after the
arrival of privatesignals), as well as aggregatetheir own private beliefswith observed market
information as it becomesavailable. It will be assumed that the method tradersuse to updatetheir
own beliefs can be described by Bayes theorem. In addition, since privatesignals provided to
traders are drawn from a normal distribution and each trader’s prior is from a known normal
distribution, the result of applying Bayes theorem will result in a updated signal whichis also
normally distributed.” If the trader had access to the private signals and precisions of all other

" See for example DeGroot (1970) for an discussion of natural conjugates. Judge, Hill, Griffiths, Lutkepohl,
and Lee (1982, Chapter 4) show why the normal distribution used as a prior distribution is a natural conjugate prior.
It is assumed that the fact that the distribution is truncated has an little effect for this situation.
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traders, these signals could be combined as to form acomposite signal, § as

where s isthesignal of thei'th trader, and pi istheinverseof thevarianceof thesignal. Note
how this calculation uses the inverse of the varianceof each signal to weight the contribution of
each signal inthe overal result. A trader's prior could also beincluded in this calculation.

An efficient use of information might resultin a two tiered natural ordering of spreads. On
thefirst tier, anindividual trader’ stransaction prices should be closer to the common prior updated
by aprivatesignal than to either the common prior or privatesignal alone. Whenthisistrueit will
be said that the individual trader uses private information efficiently. On the second tier, the
aggregation of all trader signalsmight be closer than theindividual signals of traders areto actud
transaction prices. Thatis, thedifference between aggregate information and transactionpricesis
smaller than the difference between privateinformation and transaction prices. When this occursit
implies that transaction prices are indeed reflecting available informationin the market, and the
market can be considered informationally efficient.

In this market a high degree of informational efficiency does not necessarily imply that
traders are transacting close to the true value of the asset. Thisis becausethe true value of the
asset follows an i.i.d process during the course of the sessions, and the signals given to traders
only approximate thelocation of the asset each period. It would requirea largenumber of traders
(assuming one signal for eachtrader) for theaggregation of signals to equal the true worth of the
asset by thelaw of large numbers. Inthismarket thereare only six traders, too few to expect the
aggregation of their signalsto equal the true worth of the asset.

When robot trades are considered the situationis improved. Even though robots have no
'market intelligence' in that they blindly bid or ask according their signal and robots actions are
indistinguishable from real traders, robot actions can provide information to the real traders.
When thereare no market orders, arobot bid or ask is simply thesignal givento the robot. When
orders are present, a robot order may improve the existing orders or transact with the existing
orders. Only when robot orders improve an existing market order is the robot signal revealed to

other traders. In a transactioninvolving robots, the robot signal is not revealed because the
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transaction takes place at the existing market price. Therefore more information regarding robot
signalsisrevealed by robot orders than by robot transactions. The ability of the real tradersto use
theinformation from the robot actions can then measured by comparing actual transaction pricesto
the true worth of the asset. If the MAD for transaction prices to the true worth of the asset is
smaller than the MAD for transaction pricesto the aggregateinformationin the market, then it will
beinferred that robot information is used by the real traders.

In additionto an analysisof theinformational efficiency in this market specification, thethree
hypothesesintroduced in the overview are tested. The first hypothesis examinesthe reaction of
theinformedtrader to an increasein the precision of the informed group's signal. Thevariance of
each trader's signal can be associated with the degree of certainty of each trader's belief. BEO
suggest that while agreater dispersion of beliefs tendsto increasevolume, as beliefsbecomemore
certain, volume also increases as traders are more confident in taking larger positions to exploit
small price discrepancies.

A situation where precision is poor, reflecting diverse beliefs might be described as one
where two traders might disagree on the value of an asset, and both assume their own belief is
correct whiletheir opponent's belief isincorrect. While trademay not be mutually beneficial, by
trading each trader is allowedto rationally act on personal beliefs. Whether these personal beliefs
are correct or not is another matter.

Increasing precision can leadto two dynamic effects: 1) traderscan become more confident
of their own beliefsand tradeincreases. 2) traders own beliefsmay resemble more and more the
common belief and overall trade decreases. That is, beliefs may converge as overall precision
increases. These contrary predictionsof trading activity lead to the first hypothesisto be tested:
for informed traders, trading volumeis similar in periods where low variance signals are provided
as in periods where high variance signals areprovided. Theaternative hypothesisisthat trading
volumewithin theinformed group increases with signal quality. Correlation coefficients are used
to test this hypothesis.

There arereal limits, however, to an ever increasing degree of precision within the group
which still allows for positive quantitiesof trade. Thisis partially due to the fact that prices are
only alowedto changein 1¢ incrementsin thismarket so if the precision of thegroup ison afiner
scalethan 1¢, then there can be no moretrade as everyone will agree on the current priceto within
1¢. Moreredlistically, therewardsto trading at very small profit marginswill at some point not be

worth the trader's effort. This effort to transact can be considered atype of transaction cost.
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It is expectedthat within a trading period, over time the second of these two effects will
dominate and trade will decline as beliefs converge. A Probit model is used to examine trade
between various types of counter-parties over time but within a period. |If beliefsdo converge
over time, and convergefaster for the informed traders, then it would be expected that informed
traders would trade less with other informed traders over time. The Probit model will predict the
probability of observing an informed trader trading with another informed trader based only the
elapsed time for the trading period and the elgpsed time for the sesson. The modél is specified as

Pr(Y=y|X=x) =F(a + (Period) + y(Seconds)),

where X isthecounterparty, Y istheinitiating trader, period refersto the number of thetrading
period within the session, and seconds refersto the time elapsed since the beginning of a trading
period. Thefunction F isthe cumulativenormal distribution function, identifyingthismodel as a
Probit model. The model is estimated separately for each type of initiatingtrader. If convergence
of beliefs is faster for the informed traders than for the uninformed traders, then the gamma
parameter should be negativeand statistically significant for informed tradersand insignificant for
uninformed traders.

A second hypothesis examines the behavior of the uninformed traders in the presence of
informed traders. Uninformed traders are always at a disadvantage when trading against informed
traderswith high precisionsignals. If theprecision of theinformed tradersis known (or could be
estimated), uninformed traders might trade less when the degree of asymmetry of informationis
large, and they are at the greatest disadvantage. BEO suggest that uninformed traders use
endogenoustrading statisticsto estimatethe precision of theinformed group. Onesuch statisticis
trading volume. This leads to a testable prediction. Given that the precision of the informed
tradersis not common knowledge, uninformed traders may be unable to determinethe signa
precision of the informed traders. Alternatively, uninformed traders may reduce their trading
activity as measured by volume in periods when the precision of the informed tradersis high.
Measures of correlation between the volume of tradefor the uninformed tradersvs. the precision
of the signal of the informed trader are used to test this hypothesis.

The third hypothesis examinesa no-trade situation. The Milgromand Stokey (1982) no-
trade theorem proves under general common value conditionsthat itis irrational for lessinformed

traders to accept trades with better informed traders because the lesser informed trader should
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expectto lose. In thisexperimenta environment, eachtrader istold (by way of a message sent to
the trader’ sscreen) if they are in the informed or uninformed group, and the implicationsof their
group assignment are clearly explained to each trader. Informed traders are awaysgiven signals
drawn from a distribution with a small variance about the true asset value, where as the
uninformed traders are given signals drawn from a distribution with a larger variance about the
true value.

If the no-trade theorem were appliedrigorously, the uninformed traders might simply refuse
to trade, and wait until a later period when they becomeinformed traders. Thiswould be rational
if thesignal of theinformed trader were always superior to the signal of the uninformedtrader. In
these experiments, however, thisis not necessarily the case. Thedifference between theinformed
and the uninformed trader is based on the distribution from which signalsaredrawn. The mean of
these distributionsis the same, only the variancediffers. It is therefore possible for uninformed
traders to receive on occasion better signals (closer to the true asset value) than the informed
traders. Thesignalsof theinformedtradersare only superior to those of the uninformed tradersin
a dtatistical sense. That is, the distribution of signals for the informed traders stochastically
dominate the distribution of signals for the uninformed traders as predictors of the true asset
worth.

This feature of the signal generation process leads to possible reasons why uninformed
traders might not refuse to trade during a period. Since the uninformed traders need not trade
every period, they might be selective and trade only when they believe their signalsare at least as
good as the signals of the other traders; or they believe they will tradewith arobot. It isaso
possible that uninformed tradersignore their signals and look at market prices and volume, and
these data provide sufficient information to participate in trades. This explanationwould placethe
uninformed traders in the role of technical traders or arbitrageurs. Another possiblereason isthat
thereis simply too much uncertainty by both types of traders, and the overall uncertainty in the
market swamps the effectsof the asymmetricinformation. Sincethereare only asmall number of
traders, implying a small number of signals of each type, the advantagefor the informed traders
may not have been fully recognized.

The null hypothesisis that the asymmetric information present in the market does not
necessarily lead to a zero trade condition, and per capitatradevolumeis the same for both types of
traders. The alternate hypothesisis that the volume of trade for the uninformed traders will be

significantly lower than the volumefor the informed traders. As a consequence, the majority of
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trade observed will occur between the informed traders and the robot (liquidity) traders. An
analysis of the distribution of trades will serve to test this hypothesis.

[Il. Results

A. Analysisof Trading Activity

An overview of the traders' actionsis provided by Tablel. Thelevel of trading activity is
measured by the volume statistic. The mean volume is the average number of transactions for each
period of an experimental session. The smallest valuesare seen in the experienced sessions. The
highest valueis seenin experiment 12, which also had the highest average profit per period for the
informed traders. Absolute volumeis computed for each type of trader asthe sum of the shares
bought and sold. This measure of shares transacted gives a more detailedideaof trader activity
across trader types than the aggregate volume measure.

Trade profitis theaverage trading profit per period for each type of trader. For example, in
experiment 9, informed traders earned on average 25¢ for each completed transaction. In each
session, robots serving as liquidity traders on average lost on each transaction. The average
profits for the uninformed tradersvaried from aloss of 17¢ to a profit of 4¢ depending on the
session. The number of transactionsis computed as the number of players times the number of
periodsin asession. For example, therewere 3 informed traders in experiment 9, and 30 periods
in the session giving atotal of 90 observations. For each of these observations, there may have
been many transactions.

There were two experienced sessions, and due to the larger number of periods per session,
observations from experienced sessions comprise about 31% of total observations. The average
volume for experience sessionsis 9.0 vs. 13.6 for inexperienced sessions. The average absolute
volumeis 2.2 for experienced sessions vs. 3.4 for inexperienced sessions. Pervol is defined as
theratio of absolutevolumeover total volume. For eachtypeof session theaverageof thisratiois
.25. Thisvalue may be used as a measure of the degree of participation of individua players. The
value of thisratio is large enough to infer that each player regardiess of experiencehad sufficient
opportunity to participate in transactions. Net volume is defined as the difference between shares
bought less shares sold. Theminimum for each level of experienceis -5 indicating that the initid

endowment of 5 shares was a binding constraint for at |east one trader who might have wanted to
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sell more shares.

The Kruskal-Wallis nonparametric rank test in Table 11 takes as the null hypothesis that the
distributions of the descriptive statisticsare the same across the three types of players. For each
case, homogeneity isregected. In Part B, informed and uninformed traders are compared using the
Wilcox rank-sum test, and only the netvol measure cannot be rejected as being the same across the
two groupstested. Thismight be interpreted as implying that netvolume as a measure of volume
is not arefined enough measure to distinguish between the two groups, and other measures of
volume should be used. Part C considers experience as a distinguishing factor, and with the
exception of the netvol and the profit measure, homogeneity can berejected. As to the result for
the profitability measure, it is somewhat of a surprise that experience does not lead to higher
profits while theway in which those profits are earned does change with experience. Thisleads
one to believethat other factors such as trading volume are are important factors for describing
trading activity, especially how traders learn from experience.

The main tool for period-by-period analysis are correlation coefficients which are used to
describe precision/volumeand profit/volumerelations.? In Tablelll, measures of trading volume
are compared with the precision withina trader's group (IPRC), and with the precision outside a
trader's group (OPRC).° These same volume measuresare also tested against total trading profit
for theperiod. It canbe seenin the first three parts of thetable thatincreasing precision has little
or no effect on aggregate volume for the combined group of traders, or across levels of
experience. Absolutevolume, the sum of shares bought and shares sold, however, does show
statistically significant measures of association with precision. Absolute volume is positively
correlated with an increase in traders own precision, and negatively correlated with an increase in
the precision of the opposing group. This result is significant at the .01 level for experienced
traders, and for the combined experienced/inexperienced group, but not statistically significant for
theinexperiencedtraders. The correlation between absol ute volume and opposing group precision
is strongest (-0.17) in the experienced group and statistically significant at the .01 level. As

precision increasesin the opposing group, the traders own absolute volume decreases. The results

® The Spearman correlation coefficientis reported rather than the more common Pearson coefficient because it
could not be assumedthat the relation between the variables testedwaslinear. The Spearman coefficient tests more
generally that the variablesare mutually independent against a positive or negative correlation between the variables.
The Pearson and Spearman correl ation coefficients tendedto be similar exceptin some cases wherethere werelarge
outliers, especially when the profit variable was involved.

°® The variableIPRC is the inverseof the standard deviationof the signal of a trader'sown group (informed or
uninformed), while OPRC is the inverse of the standarddeviation of the signal of the opposing group of traders.
These results are based on trading period data and not transaction data. Individual transaction counterparties are
therefore not identified. These correlation results are due to the presence of the two types of tradersin the market.
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for absolutevolumeare statistically significant at the same or higher level when absolutevolumeis
considered in proportion to aggregate volume (PerVolume).

As might be expected, profitability is positively correlated with traders' own level of
precision, and statistically significant at the .01 level. Profitability is also positively correlated
with absolute volume (and PerV olume) although not strongly. Theseresults can be interpreted as
implying that when traders have more precise signals, they tend to trade more and earn higher
profits.

An additional dimension is added to the correlation analysisin the second part of Tablell1.
While still considering experienceas a factor, we now add informativenessand examine each of
the resulting four combinations of factors (informed/inexperience, uninformed/inexperienced,
informed/experienced, and uninformed/experienced). The relation of traders' own precision (10¢
vs. 25¢) and volume measures is not statistically significant for the informed/experienced group.
Volumemeasuresdo not appear to changeas informed tradersreceive better signals. Thisrelation
will be examinedin moredetail in afollowing subsection (Hypothesis1). For the profit measure,
however, the relation is statistically significant at the .05 level and positive. For the
informed/experienced group, profitis also positively correlated with all measures of volume. This
result issignificant at the .01 level.

For the uninformed/experienced group of traders, the correlation between the opposing
group's precision (10¢ vs. 25¢) and volumemeasuresis negativeand statistically significant at the
.01 level. For this group, profit is also negatively correlated with all measures of volume. This
relation is also significant at the .01 level. It is interesting to note that for the
uninformed/experienced traders, volume shows a stronger negative correlation with the opposing
group precision than with trading profits.

Experience appears to have alarge effect on the actions of the uninformedtraders. For the
uninformed traders, the correlation between absolute volume and the precision of the informed
tradersis positive and statistically insignificant for the inexperienced group, whileit is negative
and statistically significant for the experienced group. As was mentioned previously, profit
measures do not capture the experience effect. For the uninformed traders, the correlation between
volume measures and profitability is always negative and statistically significant regardless of
experience. For the informed traders, the positive correlation between absolute volume and profit
increases with experience, and is dways statistically significant at the .01 level.

Besides trading period data, individual transaction data are also examined. Transaction data
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shows that real traders represent over 80% of total activity as measured by event data (place order
to buy or sell, cancel order, buy, sell), with robots representing theremaining 20%. Real traders
initiated on average 73% of the transactionsfor all sessions; whilein experienced sessions, red
tradersinitiated on average61% of transactions. TableslV focuses on thetrading match-ups, and
especialy the group identity of theinitiating party of a transaction. While al typesof traders are
allowedto act as market makers by submitting simultaneousbid and ask orders, theinitiating party
of atransaction must choose to act upon either thebuy side or thesell side. Whereasthe market
maker may be indifferent between the buy and sell side, the initiating party must show a
preference. For thisreason, theinitiating party is singled out in the analysis

Real traders initiating transactions with other real traders represents 56% of the tota
transactions; real tradersinitiating transactionswith robots represents 17% of the total activity;
robots initiating transactionswith real traders represents 25% of the total activity; and robots
initiating transactionswith other robots represents only 2% of the total activity. Whenrobots are
excluded, informed tradersinitiating transactions with other informed traders represents 21% of
the total transactions; informed traders initiating transactions with uninformed traders represents
27% of the transactions; uninformed traders initiating transactions with informed traders represents
33% of the transactions; and uninformed traders initiating transactionswith other uninformed
traders represents 18% of the total activity.

B. Analysisof Informational Efficiency

The results measuring the informational efficiency in this market specification are shown in
Tables V. Tradesinitialized by robots are excluded, while trades with robot counterparties are
included. Using only privateinformation consisting of the common prior and aprivate signal, the
results in Part A suggest that traders approximate Bayesian updating of beliefs. Each trader’s
private information enhanced by Bayesian updating (Pl(Bayes)) more closely reflects the redized
transaction price than private information comprised of the trader’s signal without Bayesian
updating (PI(S)).

There appears to be a significant difference between the informed and uninformed use of
information. The informed trader spreads (PI(S) and Pl(Bayes)) are less than the uninformed
trader spreads for each session, and the difference between the two information measures (PI1(S)

vs. Pl(Bayes)) as reflected in the spread to the transaction price is greater for the uninformed
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traders than for the informed traders. Knowing the common prior distribution seemsto be more
useful to the uninformed tradersthan to theinformed tradersin estimating transactionprices. The
informed signal is withina penny of the Pl(Bayes) estimate of the transaction price, whilefor the
uninformed it is closer to 5¢.

The results for the aggregated information from all real traders is presented in Part B.
Aggregatedinformationis closer than private information to actual transaction prices. The mean
absolute deviation (MAD) measure indicates that transaction prices (P) are closest to aggregate
information, followed by private Bayes updated information (B), followed by individual signals
(S) which do not takeinto account signal precisions. For tradesinitiated by informed traders, the
differencefrom aggregate information to transaction priceis consistently higher than the difference
from aggregateinformationto their own privateinformation. While for uninformed traders, the
differencefrom aggregateinformation to transaction priceis consistently lower than the difference
from aggregateinformation to their own private information. The same results hold if the true
asset worth replacesthe measure of aggregate information. This is because aggregateinformation
closely approximates the asset worth in each period.

This difference between the informed and uninformed traders might indicate that informed
traders initiatetrades when price differsfrom the aggregate estimate relative to their own estimate
while uninformed tradersinitiatetrades when priceis relatively closer to the aggregate estimate.
Thatis, informed traders may tradeeven when pricediffersfrom the aggregatesignal, an estimate
of price, becausetheir own private informationis superior to the aggregate estimate. Uninformed
tradersinitiatetrades which depend more heavily on the aggregate signal than they do their own
private information.

It should be noted that from the above analysis, the profitability of these trades cannot be
inferred. The spreads reported are for theinitiating party to a transaction, and while the spread
between price and aggregate information is the same regardess of who initiates the trade,
profitability is found to differ greatly. As was mentioned before, the profitability of a trade
depends on the type of counterparty (informed, uninformed, or robot), but also on the direction of

trade. Initiators to transactions tended to earn lower profits than the counterparties to transactions.

C. Inferential Data Analysis

Of the three hypotheses presented here, two deal directly with precision/volume relations,
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and the third examines predictions of the no-trade theorem. The first hypothesis |ooks at the
behavior of informed traders only. The second |ooks at the behavior of the uninformed tradersin
relation to other groups of traders. Thelast looks again at the behavior of the uninformed traders

and in relation to the no-trade theorem, considers the rationality of this group of traders.

Hypothesis 1. Volume/Precision Relation for Informed Traders

Ho: Volume for informed traders transacting with informed traders (trade within the informed
group) issimilar in periods where low variance signals are provided asin periods where high
variance signals are provided.

H1: Trading volume within the informed group increases with signal quality.

Trading volume within the informed group is found to be positively correlated with signal
precision; thereforereject Ho in favor of H1. The strength of this correlation decreases with
experience, and with trader experience the correlation coefficient appears to loses its Satistical
significance. The probability of an informed trader completing a trade with another informed
trader also declines with time. It should be noted that the trading environment included other
trader types (uninformed and robot traders) with lesser quality signals, so that evenif all informed
traders held consistent beliefsand could not tradeamong themselves, there might always be other
types of traders available. The data shows, however, that trading among informed traders
represented a sizable percentage of total trade by the informed group (12% of all tradingin Table
V). Therefore there should be some evidence of within group effect.

Correlation coefficientsfor the informed traders matched against all other types of traders
lead to the conclusion that the quality of the signal within the informed group had no significant
effect on absolute volume. The correlation coefficient for experienced informed tradersis -0.07
and is not significantly different from zero (Table1ll).

When informed trading activity was segregated according to counterparty type on a
transactions level, however, it is seen that for informed traders trading against other informed
traders, volumeincreased with precision (TableV1). Thiscorrelationis positive and significant
for the inexperienced traders, and positive but insignificant for the experienced traders. A
contingency table tests if the proportion of trading between informed and uninformed
counterpartiesis the same across precision level. The Chi-Square test rejects homogeneity of
proportions across precision at the 0.03 level. The data show that at the high precision level,
informed traders in fact increase the proportion of their trades with other informed traders.

Over time, it becomes less likely that informed traders find other informed traders as
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counterparties. Assuming that trading during a period leads to price convergence, the beliefs of
traderswill convergingto acommon belief over time, and thismay occur faster for informed than
for uninformed traders. A Probit analysis gives some support to this proposition (Table VII). Itis
seen that probability of informed traders completing a tradewith another informed trader declines
with time. The Probit model defines a trade between informed traders as a binary dependent
variable, and the number of the trading period and time within the trading period as explanatory
variables. For inexperienced and experienced traders, the intercept is estimated as 0.69 (standard
error 0.04) with a coefficient on elapsed timein ten second increments of -0.04 (standard error
0.01). Inthelater part of trading periods, trade is morelikely between uninformedtraders, or for

uninformed tradersinitiating trades with informed traders.

Hypothesis 2. Uninformed Trading Activity

Ho: Thetrading volumefor uninformed traderswithin a period does not depend upon the level of
precision of theinformed traders signal.

H1: Uninformed traders reducetheir trading activity as measured by volume in periods when the
level of precision of the informed traders has increased.

Uninformed trading activity as measured by volume/precision correlations declines
significantly asthe precisionof theinformed tradersincreases; thereforergect Ho in favor of H1.
Correlation coefficients indicate (Table 111) that for all traderstrading activity measured by volume
(AbsVolume) is positively correlated (0.08) with traders’ own precision, and negatively correlated
(-0.08) with the precision of the opposing group of traders. Theseresultis statistically significant
at the .01 level for theexperiencedtraders, but statistically significant for the inexperienced traders
only for the level of precision within the traders’ group.

For the uninformed traders only, the correlation between absolute volume (or percent
volume) and the precision of theinformed tradersis positiveyet insignificant for theinexperienced
group, whileit is negative (-0.22) and statistically significant for the experienced group. In fact,
for the uninformed/experienced group, volume shows a stronger negative correlation with the
opposing group precision than with trading profits.

By observing trading activity, uninformed traders in some way estimate the precision of the
informed group, and using this information change their own behavior. The profitability of this
strategy is clear from examining the strong positive correlations between precision and profits for
the informed traders. Sincetrading environment is close to a zero sum trading game, profits for

the informed traders must come either from uninformed traders or robot traders.
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How the uninformed traders become aware of the precision of the informed traders is
unclear, and it may require some type of learning. BEO do not specify a specific learning
mechanism, and we do not propose one here. The inferred result, however, is that uninformed
traders alter their trading behavior by reducing their trading activity when the precision of the

informed traders present in the market is high.

Hypothesis 3. The No-Trade Theorem

Ho: The asymmetricinformation present in this market does not necessarily lead to a zero trade
condition for either the informed or uninformed traders.

H1: Astheno-trade theoremwould predict, the trading activity of the uninformed traders will be
lower than for the informed traders due to informed traders having more precise trading
information. Themajority of trading observed will occur between theinformed traders and
the robot (liquidity) traders.

Thehigh level of trading activity betweenthe informed and uninformed groups is higher than
the level expectedif uninformed traders acted to avoid informed traders. The no-trade theorem
does not predict the observed trading levels; therefore we cannot reject Ho.

The no-trade theorem suggests that the uninformed traders should not participate in trades
sincetheir expected return from trading is on average negative (Tablel). Eventhough uninformed
traders might earn positive profits when matched against robot traders, robots are indistinguishable
from informed traders so there is impossiblefor the uninformed traders to know which type of
trader they arematched against. Evenwhen robot trades areincluded with other typesof trades,
the uninformed traders consistently lost on average 5¢ per trade. Trader experience does not
appear to alter this behavior. The behavior of the uninformed traders in these experiments
therefore does not coincide with the predictions of the no-trade theorem.

Trade between the informed and uninformed represents 56% of total trading. Uninformed
tradersinitiating tradewith informed traders accounts for 19% of all transactions, and uninformed
traders initiating trades with other uninformed traders accounts for 10% of total trade activity
(Table1V). The averageprofit for an uninformed trader initiating a tradewith an informed trader
(-0.17), another uninformed trader (-0.13), and a robot (+0.05) suggests that unless the
counterparty to a tradeis arobot, tradesinitiated by uninformed traderswill be unprofitable. The
observed percentage of uninformed initiated trades having robots as counterparties is only 22% of
trades initiated by uninformed traders.

While the predictions of the no-trade theorem are not supported in this experimental design,
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if the number of traders of each group was large, it is expected that the failure of the no-trade

theorem would beless in evidence.

IV. Conclusions

The experimentsdescribed in thisstudy test current theories regarding the role of volumein
assets marketsin the presence of uncertainty and asymmetricinformation. The design utilizeda
common value, continuousdoubleauction market. Themain trestment variableswerethe level of
information precision, and the precisionratio across informedvs. uninformedtraders. Alongwith
the human traders, zero intelligent, robot traders were used as liquidity traders.

The results support the rational expectationstrading model of Blume, Easley & O'Hara
(1994) inthat for the informed traders, trading volume was found to be positively correlated with
precision. Furthermore, the uninformed traders reduce their trading as the precision of the
informed traders signal is increased. Since the uninformed traders do not know the precision of
the signalsof theinformed traders, this suggests that they make inferenceson the basis of market
observables. Theresults also run counter to the predictionsof the no-tradetheoremin this setting.
A possible explanationfor this result is the structure of the signal generating mechanism and the
presence of robot (liquidity) traders.

Future experimentsmay vary the number of informed traders, or the number of robotsin
each session to test the rebustness of these results. The time-series property of the redemption
value might also be modified to better compare these results with field observations. At present
the redemption valueis drawn from a normal distribution, and these draws are independent from
period to period. A moving average representation might provide a comparison to test for the
robustness of theresults generated from asimplei.i.d processfor the true valuevs. more complex
price generating mechanisms. An extension of the current design might allow asset shares to
accumulateover timewhile thetotal asset stock might be exposed to supply shocks as a source of

noise in the system.



10.

11.

12.

13.

14.

15.

16

17

18

23

REFERENCES

L. Blume, D. Easley and M. O'Hara, 1994, Market statistics and technical analysis: the role
of volume, The Journal of Finance 49:1, 153-181.

B. Carthew, 1990, Insider information in experimental markets, unpublished M.S. thesis,
University of California-Santa Cruz.

T. Cason and D. Friedman, 1996, Price formationin double auction markets, Journal of
Economic Dynamics and Control, 20:8, 1307-37.

T. Copeland and D. Friedman, 1992, The market value of information: some experimental
results, Journal of Business 65:2, 241-266.

T. Copeland and D. Friedman, 1987, The effect of sequential information arrival on asset
prices. an experimental study, Journal of Finance 42:3, 763-798.

T. Copeland and D. Friedman, 1991, Partial revelation of informationin experimental asset
markets, Journal of Finance 46:1, 265-295.

D. Duxbury, 1995, Experimental asset marketswithin finance, Journal of Economic Surveys
9:4, 331-371.

E. Fama, 1970, Efficient capital market: a review of theory and empirical work, Journal of
Finance 25:2 (May), 383-417.

R.A. Fisher, 1935. The Design of Experiments, 9th edition 1971 reprinted 1974, (Hafner
Press, New York, NY.).

R. Forsythe, T. Palfrey, and C.R. Plott, 1982, Asset valuation in an experimental market,
Econometrica 50:3 (May), 537-67.

D. Friedman and J. Rust, 1993. The Double Auction Market: Institutions, Theories and
Evidence (Addison-Wedley: Reading, MA.).

D. Friedman, 1993, Privileged traders and asset market efficiency: a laboratory study,
Journal of Financial and Quantitative Analysis 28:4, 515- 534.

D. Friedman, G. Harrison, and J. Salmon, 1984, The informational efficiency of
experimental asset markets, Journal of Political Economy 92:3, 349-408.

S.J. Grossman, and J.E. Stiglitz, 1980, On the impossibility of informationally efficient
markets, American Economic Review 70:3, 393-407.

F.H. Hayek, 1945, The use of knowledgein society, American Economic Review 35, 519-
530.

G. Judge, R.C. Hill, W.E. Griffiths, H. Lutkepohl, and T-C. Lee, 1982. Introduction to the
Theory and Practice of Econometrics, 2nd Ed., (John Wiley & Sons: New York, NY.).

L. Lang, R. Litzenberger, and V. Madrigal, 1992, Testing financial market equilibrium under
asymmetric information, Journal of Political Economy 100:2, 317-348.

R. Merys, 1990, Common value and private value experimental asset markets with inside
information, unpublished M.S. thesis, University of California-Santa Cruz.



24

19. P. Milgrom and N. Stokey., 1982, Information, trade, and common knowledge, Journal of
Economic Theory 26, 17-27.

20. C.G. Plat, 1995, Rational expectations with stochastic fundamentals, unpublished Ph.D.
thesis, University of California-Santa Cruz.

21. C.R. Plott and S. Sunder, 1982, Efficiency of experimental security markets with insider
information: an application of rational-expectationsmodels, Journal of Political Economy
90:4, 663-698.

22. C.R. Plott and S. Sunder, 1988, Rationa expectationsand the aggregation of diverse
information in laboratory security markets, Econometrica 56:5, 1085-1118.

23. C. Schnitzlein, 1994, Multiple informed tradersin a dealership asset market: an experimenta
investigation, unpublished manuscript.

24. V. Smith, 1962, An experimental study of competitive market behavior, Journal of Palitical
Economy 70:2 (April), 111-37.

25. V. Smith, 1982, Markets as economizersof information: experimental examination of the
"Hayek hypothesis', Economic Inquiry 20:2, 165-179.

26. S. Sunder, 1995, Experimental asset markets: A survey, in J. Kagel and A. Roth, eds.The
Handbook of Experimental Economics (Princeton University Press: Princeton, NJ.).

27. J. Tirole, 1982, On the possibility of speculation under rational expectations, Econometrica
50, 1163-1181.



25
Appendix A

Instructions for Players

1 Welcome

This is an experiment in the economics of market decision making. Funds have been
provided by the National Science Foundation and the Board of Studies in Economics at this
university. Theseinstructionshave been written to explain clearly how the experiment will work,
and if the instructions are followed you can earn a considerable amount of money which will be
paid to you in cash at the end of the session today. If you have any questions about the
instructions or how the experiment works please ask.

In thisexperiment we create amarket for a fictitiousgood caledan asset. Youastraders
will have an opportunity to buy or sell shares of this asset using your computer. These are
decisionyou will makeon your own to allow yourself the greatest reward. Out of fairness to you
and your neighborsthere will be no talking with your neighbors once the session begins. Do not
discuss your information or how you make your decisions at any point during the experiment.

Wewill al log into the program together and when everyoneis ready the session will begin.
Therewill be 25 to 40 periods of 120 seconds each during theexperiment session. Eachperiodis
calledatrading day. Atthebeginning of each trading day you will be given 5 shares of the asset
and $25 of cash to use during thetrading day. Each new tradingday is signaledby a toneand a
clock in the upper right corner of your screen will indicatehow much timeis left in the trading
day. For example, thereare 5 secondsleft in thetrading day in Chart 1. At the end of each
trading day your profitswill be calculated for you and will be displayed during an intermission of
30 seconds. After the intermissiona new trading day beginsand you will be given 5 new shares
and $25 cash. Sharesand cash from onetrading day cannot be used in later tradingdays. Shares
must be redeemed at the end of each day and cash expires. Each trading day is independent of
earlier trading days and only your profits (or losses) accumulate from day-to-day.

2 How to Earn Profits

As a trader you can buy shares of the asset from any other trader willing to sell to you.
Likewise you may sell shares of the asset to any trader who wishes to buy from you. No trader
knows thetrue valueof each share until the end of thetrading day, so during the trading day you
must estimate how much each share is worth. The true value of the asset is called the
redemption value, and thisis the amount each share of the asset is worth. The redemption
value is drawn each trading day from a normal distribution truncated between $0 and $5.00
rounded to the nearest penny with a mean value of $2.50. The redemption valueis drawn
independently for eachtrading day and all valuesfor the session have been selected in advanceby
the computer.

There arethree ways to earn profits. (i) If you sell sharesto another player, your profit &
the end of thetrading day will be calculated as the selling price P less the redemption valueR for
each sharesold. Profit = (P - R) for each share sold. For example, if you sell 2 sharesat $2.00
per share during thetrading day and the redemption valueis $1.50, your profit for that day would
be (2.00 - 1.50)*(2) = 1.00 dollars. If you had sold shares for less than $1.50 you may lose
money on the trade (earn negative profits).

(ii) If you buy sharesfrom another player, your profit at the end of the trading day will be
calculated as the redemption value R less the cost of the shares purchased C for each share
purchased. Profit= (R - C) for each share purchased. For example, if you buy 3 sharesat $1.00
per share during thetrading day and the redemption valueis $1.10, your profit for that day would
be (1.10 - 1.00)*(3) = 0.30 dollars. Y ou can also loss money on atransaction by paying morefor
sharesthan they areworth. Thatis, if your cost is greater than the redemption valueyou will lose
money on the trade.

(ii1) You aso have the ability to sell shares during the trading day and then later decideto
buy them back at the new market price. It does not matter if you buy the same shares back or
different onessince all sharesare identical. If you sell shares and then buy them back within the
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same period, your profits are calculated based on the selling price P and the purchase price (or
cost) C only. For example, if you sold 2 shares at a selling price of $2.00 per share and then
bought then back at $1.75 per share your profit for thesetransactions would be $0.25 per share.
Profit = (P - C) for each share transacted. The order of the transactionsdoes not matter. You
might buy first then sell latter or sell first and buy latter.

Y ou can tradeas often as you likeduring thetrading day aslong as you have cash or shares
totrade. After each trading day your trading profits are calculated and added to your overall total.
The value of the asset revealed at the end of the trading day is worth the same amount to each
player. A bonusof 25¢ will be added to your trading profits after each trading day. After thelast
trading day, your total profits are calculatedand you will be paid this amount in cash ($US
Dollars). Recall that the cash you use during the day expires at the end of each trading day and
this cash does not contribute to your profits.

3 How to Buy and Sell

All commandsneeded to buy or sell arefound in boxes at the bottom of each trader's screen.
Inside each box is a description of the command and a special market key. To enter abid to
purchase shares at a specific price, type the desired price and then hit the bid key which is the p
key on the keyboard. For example, the four keystrokes "125p" indicatesthat you wish to
purchase sharesat $1.25 per share. Do not use a decima point as all values are in penny terms.
After you enter abid, it will appear on your screen as shown in Chart | and it will also appear on
all other trader's screens. The asterisk to theleft of “your price’ indicates that of all of thetraders,
you have the best bid. This also makesyour bid the ‘market price’. If you change your mind,
you canreviseyour bid by first cancelingyour bid by hittingtheu key, then entering anew bid as
described above.

To enter an ask to sell shares at a specific price, type the desired price and hit the ask key
which isthe g key on thekeyboard. For example, the four keystrokes"250q" indicated that you
wish to sell sharesat $2.50 per share. Againdo not use decimal point. If you wish to cancel or
revise your ask, first cancel your ask by hitting the r key, then enter a new ask.

Y ou may also accept an outstanding market ask or bid from another player rather than enter a
new bid or ask. If another trader is willing to sell at the market ask price shown on the screen,
you may purchasethese shares by accepting the best ask. Buying sharesin thisway isdone
by hitting thei key on the keyboard. Similarly if another trader is willing to buy shares at the
market bid price shown on the screen, you may sell your shares by accepting the best bid.
Selling shares in this way is done by hitting thee key on the keyboard. Accepting thebest bid or
best ask isimmediate and cannot be canceled if you change your mind.

Y our current holdings of shares are also shown at the bottom of the screen for both your net
share position and your net position in cash. Each trader beginsthe trading day with 5 sharesand
$25 cash. Asyou trade, these holding will be adjusted to reflect your activity. Your cash and
share balances are adjusted for al transactions, including transactionswhere you buy (sell) and
then sell (buy) shares within the trading day. Your share and cash positions show your net
positions. For example, on Chart 1 if you began with 5 shares and buy an additiona 2 shares then
sell 3 shares, your net position in shares will be 4 shares as shown.

4  Additional Help

To helpyou estimatethe end-of-day redemptionvalue of the asset, aprice signal is given
to each trader at the start of each tradingday. In Chart 1 this pricesignal is $1.97. This price
signal is only estimateof the redemption value of the asset and may not reflect the actual asset
redemptionvalue. Each trader receives aunique pricesigna and it would be rarethat two traders
would receive the same signal. These signals are drawn each trading day from a normal
distribution about the true redemption value. Thatis, the mean value of the distribution of signals
for each trading day will be the redemption value for that trading day.

A normal distribution or sometimesknown as abell curveis shown in Chart 2. Notethat the
distribution is symmetric about the mean value Themean valueis the highest point on the curve
and also the most likely value to chosen from a random draw. Most of you will be familiar with
normal distributionsfrom seeing the resultsof examscores. Often with large classeswhen exam



27

scores are plotted on a graph with exam scores shown along the horizontal axis and the number of
students receiving that score on thevertical axis, the resulting graph displays a distinct bell curve
shape. Most scoreswill fall closeto the meantest score whilethere will bea few very high and a
few very low scores. Thesamewill betruefor the pricesignal you receive. Most signalswill fall
closeto the true redemption value of the asset while a few signals will fall somewhat above the
true redemptionvalue and afew signals will fall somewhat below thetrue redemption value. On
Chart 2 themean valueis 69 and each observation representsa student’ sscore. It can be seen that
most exam scores are close to 69 while afew fall somewhat to either side of 69.

After 20 seconds of thetrading day have passed you will aso be given anumber which will
be known as a precision indicator. This precision indicator will tell you on average how close
your signal is to thetrueredemptionvalue of theasset. For example, you receivea pricesignal of
$1.97 and later your receive aprecisionindicator of $0.50. Thereis about a 68% chancethat your
price signal fallswithin $0.50 of the true redemptionvalue. That is, you can be reasonable sure
that the redemptionvalue is between $1.47 and $2.47. About 32% of the time the redemption
value will fall outside of this range.

Sometimeshalf of al traders have signalswith agreater precisionthan thesignalsof therest
of thetraders. The traderswith the best signalswill be known as informed. In some sessions
thiswill be indicated on the screen by the infor med indicator. This indicator may tell you that
there are insiders present in the market or it will tell you that you yourself are an insider for this
trading day. There are three possible precision values {10¢, 25¢, and 50¢}. If you are an
informed trader, you will receive a precision which is better than the uninformed traders.
Sometimes all traders will be uninformed and all will receive the same precision indicator.

A second indicator isthe volume indicator which keeps track of the number of shareswhich
have been traded withinthetrading day. Attimesthe volumeindicator will be blank althoughyou
can awayskeep track of shareson your own since all transactionsare shown as they take place.
There are three parts to the volume indicator. Thefirstisis‘volume which keepstrack of the total
number of trades for current trading day. The second is ‘last’ which is the direction of the last
tradeduring thetrading day. Thedirection of traderefers to how thelast tradewas initiated. If a
buyer acceptsthe best offer the directionis ‘bought’, and conversely, if a seller acceptsthe best
bid thedirectionis‘sold’. Thethird part, ‘net’ isarunningtotal of ‘bought’, counted as apositive
unit, and ‘sold’, counted as negativeunit. For example, the order of the previousfive tradeswas
{bought, sold, sold, bought, sold} which gives anet value of -1.

In additionto the real traders present in the room there will be robot traders buying and
selling at random timesduring thetrading day. 1t will beimpossibleto distinguish real from robot
tradersduring atrading day. Each robot will begin the trading day with 5 shares and $25. At
predetermined random times during the trading day a robot may post a bid or offer at its price
signal, or accept an outstanding market bid or offer.

Between each trading day you will be presented a summary of the activity which occurred
during the previous trading day. Traderswho show alosing position of more than $18 will be
considered bankrupt, and will not be allowedto continue. All tradersreceive aminimum of $5 for
participating. Good luck. Be sure to ask questions if there is anything that you do not
understand, or if you are suspicious that the program is not running correctly.
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Appendix B

Market and Interim Screens

Doubl e Action Market 2.0 Trader Nane Time left: 0:24
Experinent prac: Day #2 (Trader #7)
Mar ket Type: B
Si gnal 90 Qoup (Uninforned or |nformed)
3.26 + - 25 | nf or ned
* VOLUVE | LAST | NET *
(Trader #7) 6 BOUGHT 2
Your Mar ket
Price Price
Asks: 4.00 2.94
Bi ds: 2.25
Ti cker Tape: 2.90 2.50 3.31 3.00 2.65 2.94
=_==>
R + H------ + H------ + Hol di ngs: - - - + H------ + H------ +
| Q || E || R | Cash Shares | U || | || P |
| | | Accept]| | | Start: 25.00 5.00 | | | Accept]| | [
| Ask | | Best | |Cancel| Change:-14.65 +5.00 |Cancel | | Best | | Bid |
| | | Bid | | Ask | Now 10.35 10.00 | Bid | | Ask | | [
Foemm - + o---- - + H---- - + Foemm - + ---- - + --a--- +
Doubl e Action Market 2.0 Trader Nane Time left: 0:57
Experinent prac: Day #2 (Trader #7) (Interim
Trns Qy Price Wrth Prof DayProfit Quo Tot al
1BU 1.002.94 3.30 0.36 1 0.00 0.25 0.25
2BU 1.003.00 3.30 0.30 2 1.85 0.25 210
3BU 1.003.31 3.30 -0.01
4BU 1.00 250 3.30 0.80
5BU 1.00 2.90 3.30 0.40
Total Trading Profit: 1.85 T 1.85 0.50 2.35
Tradi ng Conmi ssi on: 0.25
Total profit, day # 2 2.10
Accunul ated Profit, days 1 - 2 2.35
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Tablel

Descriptive Statistics: Mean Value

Exp Type Nobs Volume AbsVolume Trade Profit
9 Informed 90 2.97 0.25
Uninformed 90 2.61 -0.00
Robot 60 2.73 -0.37
All 240 11.1 2.78 0.00
10 Informed 75 2.71 0.16
Uninformed 75 2.32 0.03
Robot 50 2.46 -0.27
All 200 10.0 2.50 0.00
11 Informed 90 4.92 0.07
Uninformed 90 4.49 -0.01
Robot 60 3.02 -0.09
All 240 17.1 4.28 0.00
12 Informed 90 5.00 0.37
Uninformed 90 459 -0.17
Robot 60 3.05 -0.31
All 240 17.4 4.36 0.00
14 Informed 90 2.79 0.19
Uninformed 90 3.10 0.04
Robot 60 2.70 -0.34
All 240 11.5 2.88 0.00
15* Informed 120 1.91 0.25
Uninformed 120 1.84 -0.14
Robot 80 2.30 -0.17
All 320 7.9 2.88 0.00
16* Informed 120 2.74 0.21
Uninformed 120 2.21 0.04
Robot 80 2.60 -0.38
All 320 10.0 251 0.00
17 Informed 105 3.01 0.26
Uninformed 105 2.74 -0.14
Robot 70 2.94 -0.18
All 280 11.6 2.89 0.00
All Informed 780 3.19 0.22
Uninformed 780 2.92 -0.05
Robot 520 2.71 -0.26
All 2080 11.9 2.97 0.00

Notes: *Experienced Players. Volumeis the total number of transactions during the period.
Absolutevolume is the per capita sum of purchasesand salesin each period. Trading profit does
not includea 25¢ commission paid to all tradersat the end of each trading day. The number of
observations is computed as (the number of players) x (the number of periodsin asession).
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Tablell

Nonparametric Hypothesis Tests

Vaiable Test Nobs Test Statistic P-value

A. Informed vs Uninformed vs Robot

AbsVolume K-W 780,780,520 12.0 .00
NetVolume K-wW 780,780,520 427 .00
PerVVolume K-W 780,780,520 18.2 .00
Bought K-W 780,780,520 22.4 .00
Sold K-W 780,780,520 43.7 .00
Profit K-wW 780,780,520 270.1 .00
B. Informed vs Uninformed
AbsVolume Wcex 780,780 3.11 .00
NetVolume Wex 780,780 -0.27 .79
PerVolume Wcex 780,780 4.21 .00
Bought Wex 780,780 2.62 .01
Sold Wcx 780,780 2.67 .00
Profit Wex 780,780 7.51 .00
C. Experienced vsInexperienced
AbsVolume Wcex 480,870 -10.42 .00
NetVolume Wcex 480,870 -0.77 44
PerVVolume Wcex 480,870 -2.89 .00
Bought Wcex 480,870 -7.55 .01
Sold Wex 480,870 -5.91 .00
Profit Wex 480,870 -1.05 .29

Notes: The null hypothesis suggests no differencein the distributions described by each of the
samplevariables. Two-samplecomparisonsuse the normal approximation to the Wilcoxon (Wcx)
rank-sum test. Multiplecomparisons use the Chi-square approximation to the Kruskal-Wallis (K-
W) test for k independent samplesand k-1 degrees of freedom.
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Tablelll
Correlation Analysis
(Spearman)
IPRC Volume PerVolume  AbsVolume
A. All Players
IPRC - 0.00 0.10 0.08
(.84) (.00) (.00)
OPRC -0.90 0.00 -0.11 -0.08
(.00) (.84) (.00) (.00)
Profit 0.20 0.04 0.02 0.04
(.00) (.08) (.34) (.09)
B. Experienced Players
IPRC Volume PerVolume  AbsVolume
IPRC - -0.03 0.15 0.11
(.47) (.00) (.01)
OPRC -0.90 -0.03 -0.18 -0.17
(.00) (.47) (.00) (.00)
Profit 0.26 0.09 0.07 0.09
(.00) (.06) (.11) (.04)
C. Inexperienced Players
IPRC Volume PerVolume  AbsVolume
IPRC - 0.02 0.07 0.07
(.48) (.03) (.04)
OPRC -0.90 0.02 -0.07 -0.04
(.00) (.48) (.04) (.21)
Profit 0.16 0.03 0.00 0.02
(.00) (.37) (.90) (.48)

Notes: Nonparametric Spearman correlation coefficientsare reported for each variablepair. P-
valuesfor test of azero coefficient are shown in parenthesizes. IPRC istheinverseof theplayers
own precision while OPRC is the inverse of the precision of the other type of traders. For
example, if the player is in the informed group (uninformed) then OPRC is the value for the
uninformed (informed) traders for the period.
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Table 1l (continued)

Correlation Analysis

(Spearman)
IPRC Volume PerVolume  AbsVolume
D. Informed/Inexperienced
IPRC - 0.10 -0.01 0.06
(.02) (.78) (.25)
Profit 0.08 0.08 0.14 0.16
(.07) (.09) (.00) (.00)
E. Uninformed/Inexperienced
IPRC Volume PerVolume  AbsVolume
OPRC - 0.11 0.03 0.07
(.02) (.56) (.17)
Profit - -0.02 -0.16 -0.13
(.63) (.00) (.01)
F. Informed/Experienced
IPRC - -0.15 0.02 -0.07
(.02) (.72) (.27)
Profit 0.14 0.17 0.22 0.26
(.03) (.01) (.00) (.00)
G. Uninformed/Experienced
IPRC Volume PerVolume  AbsVolume
OPRC - -0.15 -0.17 -0.22
(.02) (.01) (.00)
Profit - -0.01 -0.14 -0.12
(.86) (.03) (.07)

Notes: Nonparametric Spearman correlation coefficientsare reported for each variablepair. P-
valuesfor test of azero coefficient are shown in parenthesizes. IPRC istheinverseof theplayers
own precision while OPRC is the inverse of the precision of the other type of traders. For
example, if the player is in the informed group (uninformed) then OPRC is the value for the
uninformed (informed) traders for the period.
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TablelV

Tabulation of Trading Activity

| i | iu | ui | uu | ALL
[--------- Fomm e e Fomm e e Fomm e e Fomm e e
| NJPCIN|] N | PCTN| N | PCTN| N | PCTN| N | PCTN
B S S Fom - - Fom - - Fom - - Fom - - Fom - - Fom - - Fom - - Fom - -
I I I A
9 | 36| 20| 51| 28| 70| 39| 24| 13| 181 100
T - - - - - - - -
10 | 38| 29| 35| 27| 31| 23| 28| 21| 132] 100
B S S Fom - - Fom - - Fom - - Fom - - Fom - - Fom - - Fom - - Fom - -
11 | 71 21| 84| 25| 122] 36| 60| 18| 337| 100
i - - - - - - - -
12 | 71] 21| 83| 24| 119] 34| 72| 21| 345]| 100
T - - - - - - - -
14 | 31] 16| 62| 33| 51| 27| 44| 23| 188| 100
B S S Fom - - Fom - - Fom - - Fom - - Fom - - Fom - - Fom - - Fom - -
15 | 26| 18| 33| 23| 58| 41| 26| 18| 143| 100
i - - - - - - - -
16 | 50| 25| 62| 31| 61| 31| 26| 13| 199| 100
T - - - - - - - -
17 | 46| 22| 64| 30| 63| 30| 39| 18| 212| 100
B S S Fom - - Fom - - Fom - - Fom - - Fom - - Fom - - Fom - - Fom - -
ALL| 369| 21| 474| 27| 575| 33| 319| 18| 1737| 100
| i@ | ir | iu ] ri | rr ] ru] ui | ur | uu |ALL
g
| PCTN| PCTN] PCTN| PCTN| PCTN| PCTN] PCTN| PCTN| PCTN| PCTN
------ S S
o I A I
9 | 11| 11| 15| 11| 4| 9] 21| 11| 7| 100
------ S S
10 | 15| 12| 14] 13| 2| 10/ 12| 11} 11} 100
------ S S
11 | 14| 71 16| 12| 1] 9] 24 6] 12| 100
------ T T e T LI gy SR Y
12 | 14| 8 16| 12| 1] 6] 23| 7 14| 100
------ S S
14 | 9] 12| 18] 10| 1] 13] 15/ 10| 13| 100
------ S S
15 | 8| 4] 10| 23| 3] 19| 18| 6| 8| 100
------ T T e T LI gy SR Y
16 | 12| 11] 15| 16| 1] 15| 15| 7| 6| 100
------ S S
17 | 11] 71 16| 17| 3] 13| 16| 8] 10| 100
------ S S
ALL | 12| 9] 15| 14| 2] 11 19| 8| 10| 100

Notes: The percentage of trade between trader typeistabulated. For example, tradeinitiated by an
informed trader and completed with another informed trader is abbreviated by ii. Tradeinitiated by

an uninformed trader and completed with an informed trader is abbreviated by ui.
involving robots are abbreviated by r.

Trades
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TableV
Transaction Price Analysis

Mean Absolute Deviaions - All Transactions

A. Private Information

Informed & Uninformed Informed Traders  Uninformed Traders

Exp Nobs PI(S) Pl(Bayes) PI(S) PI(Bayes) PI(S) PI(Bayes)

9 253 0.37 0.35 0.29 0.28 0.45 0.42
10 189 0.41 0.37 0.28 0.27 0.57 0.49
11 402 0.36 0.34 0.28 0.28 0.44 0.40
12 427 0.29 0.28 0.19 0.19 0.36 0.36
14 262 0.38 0.36 0.22 0.22 0.55 0.49
15 176 0.44 0.39 0.35 0.34 0.51 0.42
16 271 0.28 0.25 0.22 0.22 0.35 0.30
17 274 0.36 0.33 0.25 0.24 0.47 0.41
All 2254 0.35 0.33 0.25 0.25 0.45 0.41

B. Aqggregate Information

Informed & Uninformed Informed Traders Uninformed Traders

Exp AI-S AlI-B AI-P Al-S AI-B AI-P Al-S AI-B AI-P

9 0.29 0.28 0.23 0.12 0.11 0.25 045 043 0.21
10 027 025 0.28 0.09 0.09 0.24 0.49 044 0.33

11 027 024 0.25 0.11 0.12 0.26 041 036 0.25
12 028 0.27 0.19 0.10 0.10 0.19 0.43 042 0.20

14 031 028 0.21 0.09 0.09 0.21 0.53 048 0.22
15 041 035 0.27 0.11 0.11 0.32 0.62 0.52 0.24

16 025 0.22 0.20 0.15 0.14 0.18 0.40 032 0.28
17 029 0.26 0.23 0.12 0.13 0.28 0.46 041 0.22

All 029 026 0.23 0.11 0.11 0.28 0.46 041 0.28

Notes: Themean absolute deviation by trader typewheretrader type is determined by theinitiator
of the transaction. Private informationin the form of signal only (PI(S)) is compared with private
information where traders include the common information prior estimateof the true worth, and
improvetheir private information through the use of Bayesian updating (Pl(Bayes)). Aggregate
information (Al) reflects the combined signals, precisions, and common prior for all traders.
Private signal (S) is the private information for thetrader initiating the transaction, and (B) is the
private Bayes updated information signal. The actual transaction price is abbreviated by (P).
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TableVI
Correlation Analysis
(Spearman)
SH SIU SUU
A.  All Players (without Robots)
IPRC 0.11 -0.07 0.08
(.07) (.25) (.17)

B. Experienced Players Only (without Robots)

IPRC 0.09 -0.19 -0.24
(.45) (.09) (.03)

C. Inexperienced Players Only (without Robots)

IPRC 0.14 -0.01 0.20
(.10) (.87) (.01)
[0 |iu | Total
--------- T g
Fr equency 0.04 | 187 | 167 | 354
Per cent | 16.77 | 14.98 | 31.75
Row Pct | 52.82 | 47.18
Col Pct | 29.17 | 35.23
--------- T g
0.1 | 454 | 307 | 761
| 40.72 | 27.53 | 68.25
| 59.66 | 40.34
| 70.83 | 64.77
--------- T g
Tot al 641 474 1115

Notes: Trading volume on a transactions level is shown for informed traders against other
informedtraders (SI1), against uninformed traders(SIU), and for uninformed traders tradingwith
other uninformed traders (SUU). IPRC is theinverse of the tradeinitiating group's precision.
The contingency tablecompares informed traders trading with informed traders (ii) and informed
traders trading with uninformed traders (iu) across precision levels (25¢ and 10¢).
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TableVII

Counterparty vs. Time Analysis

Vaiable DF Edimate Std Err ChiSquare Pr>Chi
A. All Traders

1. Model : ii = period seconds
| NTERCPT 1 0. 6860 0. 0449 233.91 0. 0001
PERI CD 1 -0. 0048 0. 0017 7.74 0. 0054
SECONDS 1 -0. 0433 0. 0050 75. 15 0. 0001
2. Model : iu = period seconds
| NTERCPT 1 0. 6572 0. 0463 201. 07 0. 0001
PERI CD 1 - 0. 0060 0. 0018 11.12 0. 0009
SECONDS 1 0.0111 0. 0052 4.59 0. 0322
3. Model : ui = period seconds
| NTERCPT 1 0. 4644 0. 0462 101. 10 0. 0001
PERI CD 1 0. 0045 0. 0018 5. 96 0. 0147
SECONDS 1 0. 0152 0. 0052 8.48 0. 0036
4. Model : uu = period seconds
| NTERCPT 1 0. 8042 0. 0566 201.79 0. 0001
PERI CD 1 0. 0141 0. 0024 35. 07 0. 0001
SECONDS 1 0. 0423 0. 0067 40. 26 0. 0001

B. Experienced Players Only

1. Model : ii = period seconds
| NTERCPT 1 0. 6897 0.1229 31. 49 0. 0001
PERI CD 1 - 0. 0094 0. 0042 5.13 0. 0235
SECONDS 1 -0.0411 0. 0141 8. 49 0. 0036
2. Model : iu = period seconds
| NTERCPT 1 0. 5240 0. 1250 17.59 0. 0001
PERI OD 1 0. 0026 0. 0043 0. 36 0. 5508
SECONDS 1 -0. 0076 0. 0145 0.28 0. 5970
3. Model : ui = period seconds
| NTERCPT 1 0. 5080 0.1292 15. 46 0. 0001
PERI OD 1 0. 0054 0. 0046 1.41 0. 2349
SECONDS 1 0. 0211 0. 0152 1.91 0.1671
4. Model : uu = period seconds
| NTERCPT 1 0. 8107 0.1709 22.52 0. 0001
PERI OD 1 0. 0085 0. 0065 1.71 0. 1905
SECONDS 1 0. 0963 0. 0234 16. 90 0. 0001

Notes: A Probit model is estimatedto explain the probability of tradersfrom one group initiating
trades with tradersin the same or a different group. For example, Model |. uses time to explain
transactionswhere informed traders initiated trades with other informed traders (ii). Similarly in
Model 11., time explainswhen informed traders initiated trades with traders from the uninformed
roup (iu). The second set of results employ the same models reestimated using observations
rom experienced sessions only. Seconds are measured in ten second increments. Period refersto
the trading period number.



