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Abstract: Prediction markets are a promising instrument for drawing on the “wisdom of the crowds". For in-
stance, in a corporate context they have been used successfully to forecast sales or project risks by tapping into
the heterogeneous information of decentralized actors in and outside of companies. Among the main market
mechanisms implemented so far in prediction markets are (1) the continuous double auction and (2) the log-
arithmic market scoring rule. However, it is not fully understood how this choice a�ects crucial variables like
prediction market accuracy or price variation. Our paper uses an experiment-based andmicro validated simu-
lation model to improve the understanding of the mechanism-related e�ects and to inform further laboratory
experiments. The results underline the impact ofmechanism selection. Due to the higher number of trades and
the lower standard deviation of the price, the logarithmic market scoring rule seems to have a clear advantage
at a first glance. This changes when the accuracy level, which is the most important criterion from a practical
perspective, is used as an independent variable; the e�ects become less straightforward and depend on the
environment and actors. Besides these contributions, this work provides an example of how experimental data
can be used to validate agent strategies on the micro level using statistical methods.

Keywords: Continuous Double Auction, Logarithmic Market Scoring Rule, Market Mechanisms, Multi-Agent
Simulation, Prediction Markets, Simulation Validation

Introduction

1.1 Prediction markets1 can be described as markets that are “designed specifically for information aggregation
and revelation" (Wolfers & Zitzewitz 2004, p. 108)2. They are a promising example of using the “wisdom of the
crowds" (Surowiecki 2010). The basic idea is to give individuals the possibility to trade their expectations con-
cerning the relevant variable on a virtual market (e.g., the expected number of sales of a product in the next
year). Via their trades, the local information of individual actors is aggregated in form of the market price that
is visible to all market participants. At the same time, the information of the individual traders is not disclosed
to the participants. Prediction markets can be used to reveal and aggregate the diverse information even of
large and (geographically) dispersed groups. These characteristics distinguish them from traditional forecast-
ing methods like expert forecasting or statistical methods.

1.2 Prediction markets have been applied successfully both in research (Camerer et al. 2016; Dreber et al. 2015;
Forsythe et al. 1992) and in practice (Atanasov et al. 2016; Chen & Plott 2002; Cowgill & Zitzewitz 2015). Hewlett
Packard (HP) provides a good example for a successful application of prediction markets. HP has used them
to project figures associated with the o�icial sales forecast (Chen & Plott 2002). Among the predicted figures
were the next month’s revenues for a specific product, the next month’s unit sales of another product and the
next quarter’s unit sales. Between 20 and 30 participants traded on a predictionmarket based on a continuous
double auction. The o�icial sales forecast was unknown to the traders. As the prediction market owner, HP
was interested in an accurate prediction and o�ered participantsmonetary incentives linked to the individual’s
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success on the market. Compared to the traditional sales forecast, the results of the prediction market were
considereda substantial improvement. In six of eight cases, thepredictionmarket outperformed the traditional
sales forecast. Additionally, the predictionmarket correctly indicated the direction of the deviation for all eight
cases3.

1.3 Amajor design question for the set-up of a prediction market is the choice of the market mechanism (Spann &
Skiera 2003, p. 1314), i.e. how individuals can trade on the market. It is linked to research about e�icient infor-
mation aggregation in predictionmarkets and can be seen as a foundational aspect of predictionmarkets (see
Klingert 2017). Di�erentmarketmechanismshave been applied to predictionmarkets to coordinate the trading
interactions between individual actors. Our work focuses on two of the most common ones – the continuous
double auction CDA (e.g. used in the Iowa Electronic Market by Forsythe et al. 1992, p. 1144) and an automated
market maker, the logarithmic market scoring rule LMSR (Hanson 2003; e.g. used in the Gates Hillman Predic-
tion Market by Othman & Sandholm 2010a, p. 368).

1.4 Present research documents the functioning of prediction markets (Atanasov et al. 2016), but the e�ects of
di�erent market mechanisms on a market’s performance are o�en sidestepped in this context4. The average
performance of predictionmarkets has been “pretty good" (Wolfers & Zitzewitz 2004, p. 119), but some failures
to adequately aggregate informationhavebeen reported (e.g., Hansenet al. 2004). The fundamentals of predic-
tionmarkets are su�iciently understood, but the investigation of the forecasting performance is ongoing (Horn
et al. 2014, p. 104). Themarket mechanism is one direction of this research. Field studies of predictionmarkets
(e.g., Forsythe et al. 1992; Hansen et al. 2004; Othman & Sandholm 2010a) have been unable to fully assess the
e�ect of the mechanism because varying it would substantially increase the e�ort. Furthermore, the market
mechanism is o�en chosen without a thorough discussion or at least without documenting it. Some so�ware
providers do not even o�er alternative prediction market mechanisms; Crowdworx focuses on the LMSR, for
example (Ivanov 2008). Nevertheless, some di�erences are known. From a technical perspective, the LMSR of-
fers constant liquidity and only requires one trader to execute a transactionwhile the CDA requires at least two.
As a higher number of trades is typically associated with an increase in accuracy, the mechanism choice might
be a crucial aspect concerning the performance of a prediction market (Antweiler 2013).

1.5 The possible role of the choice of an appropriate market mechanism stands in contrast to the current level
of understanding of the e�ects that di�erent mechanisms have on prediction market outcomes (Healy et al.
2010, p. 1995). While laboratory experiments have focused on a small selection of aspects such as the interplay
with the information distribution among traders (Healy et al. 2010; Ledyard et al. 2009), the e�ects of di�erent
environments in conjunction with a specific mechanism are particularly unclear (Healy et al. 2010, p. 1995).
Three aspects deserve further attention. First, existing studies do not vary important aspects like the initial
moneyendowmentand theactors’ trading strategies (Rothschild&Sethi 2016). Second, some results contradict
each other. According to Healy et al. (2010), the accuracy of the LMSR is much lower than the accuracy of the
CDA in a simple environment with few traders. This di�ers from the outcome of an experiment mentioned
in a talk by Ledyard5 referenced in the same paper (Healy et al. 2010, p. 1995) and by Ledyard et al. (2009).
The available laboratory experiments (Healy et al. 2010; Ledyard et al. 2009) share the same problem as they
rely on a relatively small number of traders (between three and six). An average prediction market has more
traders than that6. Third, other experimental (Jian&Sami2012) aswell as simulation (Slamkaetal. 2013) studies
compare market mechanisms without considering the widely used CDA.

1.6 This lack of knowledge concerning the performance e�ects of themost commonly usedmarketmechanisms is
problematic as faulty prediction market outcomes might lead to wrong decisions. Due to the increased popu-
larity of predictionmarkets in the corporate context (Bray et al. 2008, p. 6), the relevance of di�erences between
mechanisms has risen further. Corporate predictionmarkets might also face specific conditions that can a�ect
theperformanceof themarketmechanism (Cowgill &Zitzewitz 2015). For example, thenumberof tradersmight
be limited in corporate internalmarkets. Consequently, the decision of traderswith limited skill in stockmarket
tradingmight havemore weight than in large predictionmarkets (Rothschild & Sethi 2016). Therefore, random
strategies might represent some traders better than other strategies (Cowgill & Zitzewitz 2015), for example, a
strategy based on the expected value.

1.7 Against this backdrop, our paper provides a comparative analysis of the CDA and the LMSR concerning relevant
prediction market output variables like number of trades, standard deviation of the price and accuracy level7.
It contributes to understanding the mechanism-related e�ects and the dynamics of the collective information
aggregation of the participants by introducing and analyzing an agent-based simulation model. It follows an
iterative process to establish strong links with economic laboratory experiments (Klingert & Meyer 2012b) and
it is based on a laboratory experiment, i.e. the simulationmodel is constructed andmicro as well as macro val-
idated using the experimental data of Hanson et al. (2006). We also aim at providing input for future laboratory
experiments by identifying aspects that warrant further investigation. Our results underline the impact of the

JASSS, 21(1) 7, 2018 http://jasss.soc.surrey.ac.uk/21/1/7.html Doi: 10.18564/jasss.3577



mechanism selection. Due to the higher number of trades and the lower standard deviation of the price, the
LMSR seems tohave a clear advantage at a first glance. However, considering the accuracy level as independent
variable, shows that the e�ects are actually more complex and depend on the environment and actors.

1.8 The paper is structured as follows. First, a review of relevant literature is provided and the hypotheses for the
simulation experiments are derived. Second, the simulation model is introduced. Third, the model is micro as
well as macro validated. Fourth, simulation experiments are conducted, analyzed and tested for robustness.
The paper concludes with a discussion of the results and a brief outlook.

Literature Review and Hypothesis Development

2.1 This paper provides a comparative analysis of the CDA and the LMSR. The CDA has traditionally been the stan-
dardpredictionmarketmechanism (Chen&Pennock2010). Likeonmany financialmarkets, two tradersdirectly
exchange stocks and monetary units as it is illustrated in Figure 1. Asks and bids are placed in an order book
and can subsequently be accepted by other traders. If an ask or bid is accepted, stocks andmonetary units are
exchanged and it is deleted from the order book.

Figure 1: Exchange of stocks andmonetary units between two traders with CDA.

2.2 Contrary to theCDA,anautomatedmarketmaker servesas the tradingpartner for each typeof trade in theLMSR
(see Figure 2). It o�ers to buy and sell at a certain price. Therefore, the actors can only accept the given prices
or do nothing. The prices are calculated based on a logarithmic function (for details see Pennock & Sami 2007,
pp. 663-664) enabling the LMSR to act like an “intermediary between people who prefer to trade at di�erent
times" (Hanson 2009, p. 61). A loss of the market maker is accepted in such prediction markets, and has to be
covered by the market owner, but unlimited losses are not incurred (Hanson 2009, p. 62).
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Figure 2: The market maker as a central trader.

2.3 KenKittlitz, Chief TechnologyO�icer at the so�wareproviderConsensusPoint, pointsout importantdi�erences
between the twomarket mechanisms:

“Having run markets both with and without Hanson’s automated-market maker [LMSR], we say with
confidence that itmakes a huge di�erence to the success of themarket. Because itmaintains buy and
sell orders at a wide range of prices, it provides a steady source of liquidity that would otherwise be
lacking. This allows traders to interact with the system in an easy and intuitive manner rather than
having to worry about placing booked orders at certain prices andwaiting for other traders tomatch
those orders." (cited in Hanson 2009, p. 62)

2.4 In this section, we will break several of his field observations down into testable hypotheses. To this end, first,
we define criteria for the evaluation of the market mechanisms. Then, we draw upon prior research and the
technical di�erences between the twomechanisms to derive our hypotheses.

2.5 Concerning related research it is important to mention the study by Brahma et al. (2012). They compare a re-
cently suggested liquidity-sensitive variant of the LMSR (LS LMSR) with a Bayesian Market Maker. Their paper
providesmany useful insights in the LMSR – e.g., the amount of loss incurred in suchmarkets – and can be seen
as complementary to this study, because it does not address the CDA. Still, the methodological approaches
slightly di�er, as our paper is validated based on a laboratory experiment, wants to explore parameter values
and combinations not explored in this experiment and finally to guide future laboratory experiments (Klingert
& Meyer 2012b). Brahma et al. (2012) use laboratory studies as an additional way to evaluate their Bayesian
Market Maker in comparison to the LMSR.

2.6 The predictionmarketmechanismswill be assessed based on three evaluation criteria. The first criterion is the
quantity of trades, because the number of trades is important for the success of a market. An increase in the
number of trades o�ers the opportunity to add more pieces of information to the market price. The second
criterion is accuracy and is measured by the accuracy level. According to Hanson et al. (2006), it represents a
key figure andmainly determines the quality of a predictionmarket. The accuracy level ismore important than
the number of trades because a higher number of trades does not necessarily lead to a high predictive quality,
e.g., when traders act randomly. The accuracy level is defined as the variance between the price and the correct
value (Hanson et al. 2006, p. 456). The third criterion is the standard deviation of the price (e.g., used by Jian
& Sami 2012). It measures reliability and assumes that a good average accuracy might still not be su�icient in
itself. Because extreme predictions might have severe consequences, it is important to be aware of them. A
substantial reduction of price variation can evenmake a slight reduction of the average accuracy acceptable.

2.7 Data to assess the three criteria is collected a�er the prediction market closes. The accuracy level represents
the most important measure of prediction market quality. Because the accuracy is expected to only partially
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depend on the mechanism, interaction e�ects with other variables are considered. Besides, the number of
trades and the standard deviation of the price are explored. While we expect the insights regarding these two
criteria to be less complex, their analysis further contributes to the model validation8.

2.8 The first hypothesis addresses the number of trades. From a technical perspective it seems quite straightfor-
ward, that the LMSR has an advantage in achieving a higher number of trades. The CDA needs at least two
traders to execute a trade whereas the LMSR provides constant liquidity and should be able to act like the sec-
ond trader. Still one can consider situations, in which the LMSR has less trades compared to the CDA. The LMSR
has a certain spread between the prices to sell and buy which can lead to no trades in the presence of traders
willing to trade for prices within this spread. Contrary in CDA, the spread is defined by the orders in the order
book and can be smaller. Still, the advantage of the LMSR concerning an increased number of trades has been
observed in the field. Ken Kittlitz has noted that the “number of trades in a market using the market maker is
at least an order ofmagnitude higher than in one not using it" (cited in Hanson 2009, p. 62). In contrast, predic-
tionmarkets with the CDAmay su�er from low liquidity which leads tomanual interventions of market owners
(Antweiler 2013; Chen & Plott 2002, p. 10). Therefore, the first hypothesis is formulated:

Hypothesis 1: The LMSR has a higher number of trades than the CDA.

2.9 The second criterion is accuracy. It is central to predictionmarkets as the accuracy levelmeasures the quality of
the predictionmarket result, but stating a hypothesis for or against one of themechanisms is less intuitive. Be-
cause the LMSRwas introduced a�er the CDA and specifically addresses some of its problems, it might be seen
as favorable. The following aspect in particular could be seen as a distinct advantage of the LMSR. Trades are
needed to incorporate the information of the agents and a higher number of trades is typically related to an in-
creased accuracy. However,most properties of themechanisms have two sides. Having amarketmaker (LMSR)
might bebeneficial, if no trades are expectedwith very few traders. In the absenceof no trades andassumingan
early end of themarket, the trade volumemight be too low to achieve an accurate value when using the LMSR.
The market maker requires certain minimum volume to adjust the price. The CDA is able to change the price
with the trade of a single stock. Empirical research does not give a clear direction in this regard because two
parallel prediction markets to directly compare the CDA and the LMSR are hardly implemented. Currently, the
LMSR is the standardmarketmakermechanismused at several companies including InklingMarkets, Microso�
and Yahoo (Chen & Pennock 2010). Onemay assume that the LMSR’s accuracy is a driver of its success. It might
come as a surprise that the experimental literature paints a di�erent picture. According to Healy et al. (2010),
the accuracy of the LMSR ismuch lower than the accuracy of the CDA in a simple environment with few traders.
Their results are not consistentwith theoutcomesof other experiments, e.g., an experimentmentioned in a talk
of Ledyard et al. (2009) referenced in the same paper (Healy et al. 2010, p. 1995). Overall, the LMSR is supposed
to be the slightly superior mechanism considering its positive reception due to the enhanced liquidity and the
slight advantage for the LMSR in the experimental studies. This leads to our second hypothesis:

Hypothesis 2: The LMSR is more accurate than the CDA.

2.10 We augment this perspective on accuracy and add two sub-hypotheses to address potential interaction e�ects
for three reasons. First, the technical di�erences regarding this research question do not give a clear direction
regarding the e�ect of themarketmechanismonaccuracy. Second, literature does not suggest a clear direction
too. Third, the accuracy level can be regarded as the most important criterion.

2.11 Hypothesis 2a addresses the presence of random strategies. We study this, because some participants in a pre-
diction market might not be trained stock traders. The LMSR is supposed to be superior in this case for several
reasons. The LMSR restricts the action space more than the CDA and, thus, traders have fewer options. The
LMSR also requires less sophisticated strategies, because the size of the action space is stable and the accep-
tance of asks and bids is more certain. Healy et al. (2010, p. 1979) claim that confused traders could influence
both, the CDA and the LMSR, and do not determine a clear advantage for one of themechanisms. We follow the
theoretical considerations with our hypothesis 2a:

Hypothesis 2a: The LMSR is more accurate in the presence of random strategies than the CDA.

2.12 Hypothesis 2b addresses “extreme information distributions". Extreme information distributions reflect a cor-
rect value at the border of the possible states. If 0, 40 and 100 are the possible states, information distributions
with the correct value 0 and 100 are considered as “extreme". Extreme states can be very relevant in practical
settings. TheCDA is supposed to have an advantage over the LMSR, because it has a broader action spacewhich
enables traders to achieve large pricemovementswith low trade liquidity. The LMSR requires the traders to bet
against the liquidity of the market maker first which prevents them from immediately moving the price to an
extreme value.
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Hypothesis 2b: The CDA is more accurate for “extreme information distributions" than the LMSR.

2.13 The third criterion is the standard deviation of the final price. It can be an important measure for applications
because it reflects the reliability of a prediction market. A high probability of a small deviation might be more
acceptable than a low probability of a high deviation if the latter results in a disastrous decision. The LMSR can
be expected to have a lower standard deviation because of the restricted action space for traders. Furthermore,
the traders canonly choose from three actions at any given time: they can accept to buy from themarketmaker,
sell to themarket maker or do nothing. Furthermore, the prices of themarket maker direct the trading and the
liquidityprevents fast price changes. Therefore, extreme tradesdonot immediately result in extremedeviations
from the correct value. Still, the empirical literature is contradictory in this regard. Healy et al. (2010, p. 1988)
report a higher variability in the distance between output and correct result for the LMSR. However, they are
not reporting the exact standard deviation and their results are at odds with their theoretical considerations.
Overall, we follow the theoretical considerations with our third hypothesis:

Hypothesis 3: The LMSR has a lower standard deviation of the final price than the CDA.

Simulation Model

3.1 The purpose of the agent-based simulation model is to analyze the e�ect of the two mechanisms on the num-
ber of trades, the accuracy of results and their reliability. A simulationmodel is applied to analyze the e�ects of
interest, because predictionmarkets aremarkets froma technical point of view and, as such, a complex system
(Tseng et al. 2009, see). The collective process of information aggregation is rather di�icult to predict because
the price is as much influenced by traders as they might be influenced by the price themselves. Furthermore,
changing the sequence of otherwise identical trades might yield di�erent outcomes. We use an experiment-
based simulation to analyze the influence of di�erent factors including relationships that can hardly be con-
trolled and detangled in reality like e.g., the heterogeneous strategies of actors which have been observed in
real prediction markets (Rothschild & Sethi 2016).

3.2 Using a simulation model to complement existing economic laboratory experiments has at least two advan-
tages (for amore detailed comparison of simulation and laboratory experiments see Klingert & Meyer (2012b)).
First, actor strategies can be controlled and, therefore, intentionally manipulated. Second, simulation experi-
ments can be executed more e�iciently which enables a much broader experimental design including up to 7
factors and 100 simulation runs for each factor combination. The simulation itself benefits from the strong link
to laboratory experiments because outcomes of the default model are validated and strategies are chosen by
classification based on experimental data. In this section, only an excerpt of the model description and model
design considerations can be given due to space limitations. Amore detailed documentation based on theODD
protocol (Grimm et al. 2010) can be found in Klingert (2013)9.

3.3 Wehave chosen thewell-documentedand influential laboratory experiment ofHansonet al. (2006) as the start-
ing point. The authors gave us access to their experimental data, which allowed us tomicro andmacro validate
the model. Consequently, the default setting of our simulation model strongly resembles their experiment10.
Twelveagentsare initiallypresentedwith200monetaryunits and2stocks. Both stocksgrant the right to receive
apayo�of 0, 40 or 100with equal probability at the endof the tradingperiod. The agents know individually that
one value can be excluded with certainty from the possible outcomes. If the true value is 40, half of the agents
know it is not 0 and half of the agents know it is not 100, for example. Therefore, an agent, which can dismiss 0
as the true value, knows that the true value is either 40 or 100 and that the stock has an expected value of 70.

3.4 The simulation and the experiment di�er only slightly in their procedure. One of the di�erences is that the
simulationmodel is executed stepwise instead of the continuous flowof time in the experiment of Hanson et al.
(2006). Every CDA-based step allows the agents to place a bid or ask limited to the natural numbers between [0,
100]. Alternatively, they can accept an order from the order book. If an o�er is accepted, the trade is executed
and money and stocks are exchanged. The agent order is determined randomly to align the simulation with
the laboratory experiment11. A�er the simulation endswith completing step 60, it shows a comparable number
of trades (0-41 trades instead of 8-37) to the laboratory experiment which lasts 5 minutes (Hanson et al. 2006,
p. 451). Consistent with other market simulations (Gode & Sunder 1993, p. 122), the agents are limited to trade
one stock per step and the unmatched o�ers are deleted a�er a trade to simplify the decision-making; the
agents are allowed to place the same o�er in the next step.

3.5 To compare market mechanisms, the simulation model goes beyond the laboratory experiment and is varied
along the environment and the agents12. The market institution is defined by its rules, i.e. the market mecha-
nism. TheCDAand theLMSRareused in the simulationexperiments. The implementationof theLMSRdemands
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a concrete b-value which determines themaximum loss of themarketmaker13. To achieve a comparable result
for the CDAand the LMSR, the b-value of the LMSR should be linked to theCDA setup. Themaximumcosts of the
CDA equal the initial endowment of money and the value of the initial stocks per agent. Given a certain correct
value in CDA, these costs are always constant, and therefore themaximumcosts equal theminimumcosts inde-
pendent from themarket outcome. In LMSR, the agents are endowedwith 200monetary units aswell. Contrary
to CDA, they are not holding any stocks at the beginning. This is unnecessary because each trade is executed
with the market maker as a trading partner. Instead, the b-value is chosen in a way that the maximum loss of
the market maker is comparable to the costs of a market based on a CDA14. This ensures a fair comparison of
both mechanisms.

3.6 The environment ismainly defined by the information distribution. The standard task is to predict a state out of
the three possible states 0, 40 and 100 (as in Hanson et al. 2006). In each of the states, 50% of the agents know
that one of the wrong values is not the true state and the other 50% know that the other wrong value is not
the true state. The information distributed among all agents can be considered as complete and certain as the
exact value could be easily determined, if the information of all agents was publicly available. Each individual
agent has incomplete, but partly certain information because one of the states can be excludedwith a certainty
of 100%. In addition, other information distributions are chosen to test the robustness of the results.

3.7 Finally, the agents trade based on simple rules. The “family" of zero intelligence15 (ZI) traders is used because
these strategies fulfill four criteria. First, the zero intelligenceagentshavebeenused ina largenumberofmarket
simulations (Chen 2012), which also allows for relating our results to previous research. Second, the simplicity
of the zero intelligence traders allows for focusing on the influence of the market mechanism in the model.
Third, the zero intelligence agents have already been validated at the macro level by prior research that has
recognized similar e�iciency levels formarketswith ZI traders andmarketswith human traders (Gode&Sunder
1993, p. 133). Therefore, zero intelligence agents seem to be appropriate to direct subsequent experiments.
Fourth, strategies that can be validated at the micro-level16 are desirable. The zero intelligence strategies have
not beenmicro validated statistically in theoriginal papers (e.g., Gode&Sunder 1993)17. However, the simplicity
of the zero intelligence strategies allows for statistical micro validation (see Appendix).

3.8 The verification (cf. Gilbert & Troitzsch 2005, p. 19) of the model relies on three basic procedures: The model is
based on (semi-)formalized models, it was tested several times and the code was inspected by a step-by-step
debugging.

3.9 The validity of our model is ensured in three ways with a particular focus on the strategies of the agents. First,
the model setting is almost identical to the laboratory experiment of Hanson et al. (2006) as discussed in the
previous section. Second, the experimental micro data from Hanson et al. (2006) informed the strategy selec-
tion18. Third, a macro validation is performed. Gode & Sunder (1993) already compared the results of ZI-agents
with data from laboratory experiments at themacro level in their foundational publication. Adding to that com-
parison, amacro validation based on the experimental data fromHanson et al. (2006) will be discussed briefly.

3.10 The experimental micro data from the laboratory experiment of Hanson et al. (2006) provide the starting point
for selecting the agents’ strategies. In this work, the micro validation does not aim at showing human traders
behave exactly like ZI-traders. Instead, the ZI-strategies are only tested for a best fit at the micro level. While
comparisons between the ZI-agents and macro data from laboratory experiments exist (e.g. in Gode & Sunder
1993), a micro validation has not been performed yet.

3.11 In general, strategies can be validated at the micro level with a variety of methods like classification, calibra-
tion or clustering. Classification starts with a pre-selection of certain agent strategies on a theoretical basis and
assigns the actors to the strategies (see Kantardzic 2003, p. 2). Calibration goes beyond classification by adapt-
ing the strategies, e.g., by choosing certain parameter values, to better represent the actions of the actors (see
Boero & Squazzoni 2005). Clustering does not start with classes, but tries to identify groups in the behavior of
the actors instead and defines strategies with the best fit for these groups (see Kantardzic 2003, p. 2).

3.12 The purpose of the simulation determined our choice of classification as validationmethod. We aim neither at
prediction nor at pure replication, but at explaining and going beyond the setup of the laboratory experiment.
Furthermore, themechanism rather than the agent behavior represents the research focus. Classification does
not adapt strategies or develop new strategies and, thus, o�ers at least three main advantages over the other
two validationmethods. First, the attributes of classificationpotentially reduce theproblemof overfitting (Kan-
tardzic 2003, p. 74) present in calibration techniques19. Second, it allows for selecting from a pool of strategies
that were applied and tested by prior research. Third, keeping the strategies simple from a theoretical perspec-
tive allows for focusing on themechanisms. Overall, these advantages donot only ensure that the strategies are
suitable for the experimental setup they are validated for, but also enable simulation experiments to go beyond
the laboratory experiment.
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3.13 Overall, as a result of ourmicro validation, homogenous and heterogeneousmodels are selected (see Appendix
for details). Two homogenous models, i.e., models where all traders are following the same strategy, are sug-
gested based on the micro validation. First, fundamental trading is represented by ZI.EV traders. The ZI.EV
traders (derivation from ZIC, see Gode & Sunder 1993) and N-ZI (Du�y & Ünver 2006) are selling above and buy-
ing below the expected value (exact price is chosen randomly with a uniform distribution like in Gode & Sunder
(1993). Second, a mix between fundamental and trend trading is implemented via N-ZI traders (Du�y & Ünver
2006). These traders weight the expected value and the last price to select when to buy and to sell.

3.14 The list is extended by a learning model. These zero intelligence plus traders (ZIP) (ZIP, Cli� & Bruten 1997)
adapt a profit margin based on the success of the last trades and only have a small price span in which they
trade. This model has not been micro validated due to the complexity which results from the learning model’s
memory and its ability to adapt to its environment. The ZIP agents are used, because they are an instance of
the zero intelligence family as well as a learning strategy. For micro validation, zero intelligence unconstraint
traders (ZIU) are used as a benchmarkmodel. ZIU traders (ZIU, Gode & Sunder 1993) randomly decide to buy or
sell and at what price. This is the trading strategy from the original paper by Gode & Sunder (1993).

3.15 Finally, heterogeneousmodels containing agents with di�erent strategies are added to the list in Table 1. While
both the default and the alternativemodel assume one strategy for all agents, heterogeneousmodels combine
twopure strategies. Furthermore, heterogeneousmodels consider informationdistributionandcontain at least
two agents for each strategy20. Mix 1 considers the equal division of the actors and is restricted by a balanced
information distribution to outweigh the ZI.EV strategy. It comprises the two strategies derived from the vali-
dation without the ZIU strategy. Therefore, the heterogeneous model Mix 1 can be seen as a “lower boundary"
of random traders. The heterogeneous model Mix 2 contains the two strategies derived from the validation as
well as the ZIU strategy given that the ZIU strategy could not be rejected for 12 actors in the combinatorial case.
Therefore, it represents the idea of an “upper border" of random traders.

No. Model name Strategy used Strategy distr. (12
agents)

1 Default ZI.EV 12 ZI.EV
2 Alternative N-ZI 12 N-ZI
3 Mix 1 ZI.EV, N-ZI 8 ZI.EV, 4 N-ZI
4 Mix 2 ZI.EV, N-ZI, ZIU 4 ZI.EV, 4 N-ZI, 4 ZIU
5 Learning model ZIP 12 ZIP

Note: The learning model, zero intelligence plus (ZIP), has not been micro validated because of its higher
complexity.

Table 1: Strategy combinations used in the simulation model.

3.16 The model is also macro validated (Klingert 2013, see), even though market outcomes with zero intelligence
agents have already been comparedwithmacro data in the past (Gode & Sunder 1993). Comparing the stylized
model results from di�erent strategy combinations with the empirical results of Hanson et al. (2006) leads to
similar patterns or stylized facts at themacro level (see also Grimm et al. 2005; Heine et al. 2005). For example,
a similar average accuracy for ZI.EV, N-ZI traders and the Mix 1 model can be observed21. Mix 2 with random
traders and the learning model ZIP yields a lower average accuracy. However, it is superior in rebuilding the
distribution of the accuracy level and can be seen as an upper boundary of randomness. As the learningmodel,
ZIP represents a di�erent group of strategies. Therefore, all strategy combinations (besides the model where
all traders are following the fully random ZIU strategy) are included in the model.

Experimental Design, Results and Robustness Tests

4.1 In this section, the experimental design and results as well as tests for robustness are described. Using an ex-
perimental design for multi-agent models has several advantages (see Lorscheid et al. 2012 for more detailed
explanations and further literature). First, it provides a very economical and e�ective way to communicate the
way we analyzed the behavior of our model and the results of these experiments. Looking at the factors one
can see which model parameter are varied during our simulations experiments and with which values. Table 2
shows the factors (see second column “factors") that are varied in a 3k-experimental design, i.e. an experimen-
tal design with 3 factor levels per ratio-scaled variable (see the columns “low", “default" and “high"). Second,
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it avoids the problem of sensitivity analyses, which vary only one parameter at a time, and allows for the sys-
tematic detection of interaction e�ects. The 3k- is chosen over a 2k-experimental design because it allows for
choosing the low and high values linearly around the default value and, thus, systemizes the analysis of results.
Furthermore, it allows for the identification of possible non-linear e�ects (Law 2014; Lorscheid et al. 2012).

Scale Factors Low Default High

Nominal Mechanism CDA, LMSR
Strategy ZI.EV, N-ZI, Mix 1, Mix 2, ZIP
Information distribution CV 022, CV 40, CV 100

Ratio Steps 30 60 90
Number of agents 6 12 18
Initial stocks 1 2 3
Initial money 100 200 300

Table 2: Factor levels in experimental design. Note: Default values taken from the laboratory experiment are
shown in bold.

4.2 As the model is predominantly validated based on the experiment of Hanson et al. (2006), the default factor
levels are selected accordingly. The simulation ends a�er 60 steps to represent the 5 minutes of the experi-
ment. Like in the experiment, 12 agents receive an initial endowment of 2 stocks and 200 monetary units. The
CDA represents the default mechanism both in the simulation and in the experiment. The default strategy is
the ZI.EV strategy as it best represents the actors in the micro validation when comparing pure strategies. The
information distribution is aligned with Hanson et al. (2006) as well. In assigning the same probability to the
possible values 0, 40 and 100, 50% (50%) of the agents know that the true value is not 0 (100).

4.3 The analysis in the following section is carried out fromdi�erent perspectives. A�er introducing the simulation
results by means of an exemplary simulation, the results are documented along the three evaluation criteria
(cf. Kleijnen 2015; Lorscheid et al. 2012). First, each hypothesis is tested comparing the averages of 100 runs23
that are based on the default setting. Second, further tests are performed including the comparison of the
averages over all factor combinations and for eachof the factor combinations in the experimental design. Third,
an overview of the e�ect sizes of main and 2-way-interaction e�ects is given. The presentation of the ANOVA
results focus on e�ect sizes rather than on statistical significance, as for most factors the latter is much less
important in simulation experiments (Troitzsch 2014). This is driven by very small p-values for the majority of
factors that result from the experimental design, which involves 100 simulation runs per factor combination
(Secchi & Seri 2016). Partial η2 is chosen as the e�ect size measure24 to balance the influence of the factors and
the size of the error. Therewith, this measure documents the e�ect of a certain treatment. If a treatment has
a higher e�ect size compared to other treatments, its influence on the dependent variable can be considered
as more important. Finally, the results are tested for robustness from two further perspectives: environments
assuming extreme factor levels and assuming di�erent information distributions.

Exemplary simulation runs

4.4 Figure 3 shows one exemplary simulation run for each mechanism. It depicts the prices for both mechanisms
for all 60 steps within the default setup.
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Figure 3: Exemplary simulation based on default model, for example, a correct value of 40.

4.5 Figure 3 also indicates that clear di�erences exist between the CDA and the LMSR regarding the price develop-
ment. While the price changes are small under the LMSR (maximum di�erence of 3 monetary units between
steps), the price changes under the CDA reach up to 42 monetary units. Furthermore, the number of price
changes is higher for the LMSR (33) than for the CDA (10). Even though they are exemplary, the two simula-
tion runs already give first indications concerning H1 and H3.

4.6 Toobtainaclearer senseof the reliability of these first observations, Figure4 summarizes200 rather than2 runs.
There is some indication of a lower standard deviation in LMSR. The boxes are clearly smaller in LMSR than in
CDA. However, the figure only reflects the results of one parameter combination. The results might not be ro-
bust in di�erent settings of the simulationmodel. Therefore, they are testedwith di�erent factor combinations
subsequently.

Figure 4: Box plots of exemplary simulation runs, 100 with CDA and 100 with LMSR, which are based on the
default model with a correct value of 40.

Number of trades

4.7 Resultsdisplayed inTable3o�er strongsupport forhypothesis 1. The first columngives theaveragesof 100 runs
per mechanism in the default setting. The LMSR has a clear advantage and achieves an average of more than
three times the trades compared to the CDA. This result in the default setting is highly statistically significant.
The second column shows the averages of 121,500 runs per mechanism over all possible combinations. Again,
the advantage of the LMSR is obvious. The CDA achieves more trades than in the default setting on average,
but the LMSR still results in nearly twice the number of trades. The third column compares the averages of 100
runs per mechanism in each of the 1,215 factorial combinations. If the CDA has more trades than the LMSR for
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a certain setting, it is counted as a winning setting for the CDA. The case is counted against the hypothesis for
equal averages. The LMSR is superior to the CDA oncemore. In 1,108 factorial combinations (88.07%) the LMSR
has more trades than the CDA.

Default setting All settings

Mean trades Mean trades Win. settings

CDA 10.7 16.76 107
LMSR 34.95*** 32.62*** 1108***

Note: Welch two sided t-test for means and exact binomial test assuming a probability of 50% for winning
settings with independent variable number of trades (*** p < .001).

Table 3: Means and number of winning settings with independent variable “number of trades".

4.8 Interestingly, the LMSR does not perform better in every setting. The majority of the cases against the hypoth-
esis, which signalize an advantage of the CDA, are driven by the ZIP-strategy (93 of 107 factorial combinations
are ZIP settings). Agents applying the ZIP strategy learn a price range. This range might be too small to move
the given prices of the LMSR, but it can be su�icient to exchange stocks at a constant price over a longer time
period25. Thus, the CDA has an advantage in these cases. A reason for the higher number of trades in LMSR in
most of the other cases could be that the LMSR provides steady liquidity and, therefore, an execution of a trade
is always possible. Assuming there is only one ask andonebid, the CDA results in amaximumof one tradewhile
the maximum in the LMSR is two.

4.9 Overall, themechanism induced e�ects on the number of trades are strong and the LMSR is superior in achiev-
ing a high number of trades.

4.10 To understand the importance of the influence of the market mechanism compared to other factors varied in
the experiment, an analysis of variance (ANOVA) is conducted over all settings. The main e�ect “market mech-
anism" emerges as the third largest e�ect (.526) in an ANOVA including all main and interaction e�ects. Only
the main e�ects “agent strategies" (.752) and “number of agents" (.689) have a higher e�ect size. This shows
that changing the market mechanism is a decision that considerably a�ects the number of trades. The agent
strategies and the number of agents result in an even higher e�ect size due to the increased number of trades in
the presence of certain traders, for example, random traders. However, the higher number of trades triggered
by random traders might not necessarily improve accuracy. Finally, the R2 is relatively high at .917 and out-
lines that the influence of random e�ects is rather low and that it is easy to influence the number of trades by
intentionally adapting the identified factors, for example, by choosing the LMSR instead of the CDA.

Accuracy level

4.11 In this subsection, the e�ects on the accuracy level (hypothesis 2 incl. sub-hypothesis) are analyzed. Hypoth-
esis 2 has to be declined, because the expected advantage of the LMSR is not consistent (see Table 4). Like in
Table 3, the first column shows the averages of 100 runs per mechanism in the default setting. The default set-
ting replicated from the laboratory experiment results in an advantage for the LMSRwith amean accuracy level
of 110.13 vs. 224.17 for the CDA and, thus, supports the hypothesis. The second column gives the averages of
121,500 runs per mechanism over all possible combinations and suggests a di�erent outcome. The mean over
all settings documents a slight advantage for the CDA. The high number of simulation runs makes this result
statistically significant too, but the di�erence of less than 3% can be considered as small. The third column
compares the averages of 100 runs permechanism in each of the 1,215 factorial combinations. This comparison
further underlines the lack of a clear direction because both mechanisms appear superior in about the same
number of settings. An exact binomial test shows that the di�erence is not statistically significant assuming
each of the mechanisms to be superior with a probability of 50%. The results indicate the need for a more
detailed analysis.
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Fixed values Default setting All settings

Mean trades Mean trades Win. settings

Default (none) CDA 224.17 1,326.82*** 630
LMSR 110.13*** 1,361.29 585

Note: Welch two sided t-test for means and exact binomial test assuming a probability of 50% for winning
settings (* p < .05 ** p < .01 *** p < .001).

Table 4: Mean and winning settings with fixed factor levels and independent variable “accuracy level".

4.12 To guide this analysis we again conducted an ANOVA, which helped us to identify important interaction e�ects
(Lorscheid et al. 2012). Among the most important interaction e�ects denoted in Table 5 is the “market mech-
anism". Therefore, the interaction e�ects of the mechanism on the accuracy level have to be analyzed too in
order to gain a comprehensive understanding. Interestingly, the main e�ect is relatively small and the influ-
ence of the market mechanism is only observed in relation with other e�ects. The interaction e�ect with the
information distribution is much higher, for example. Other e�ects result from an interaction with the initial
endowment of money and the simulation step. However, the information distribution is the most important
e�ect andmore than ten times larger than the highest e�ect size including the “marketmechanism". Themain
e�ect “agent strategy" represents the secondmost important e�ect a�er the information distribution26. While
the N-ZI traders are achieving the best results with an average accuracy level of 1187.65 over all settings, the
prediction market with the Mix 2 model is significantly worse with an average accuracy level of 1680.94. ZI.EV
traders (averageaccuracy level of 1209.28) and theMix 1model (1212.54) arenearby the result of theN-ZI traders.
ZIP traders are ranging in between (1429.85). This also documents the relevance of a non-arbitrary selection of
strategies, for example, by comparing themwith experimental data.

E�ect sizes
Accuracy
level

Simulation
step

Information
distribu-
tion

Market
mecha-
nism

Number
of agents

Initial
stocks

Agent
strate-
gies

Initial
money

Simulation
step

0.003 0.003 0.003 0 0 0.009 0

Information
distribution

0.552 0.02 0.002 0.004 0.015 0.013

Market
mechanism

0.001 0.002 0.001 0.033 0.008

Number of
agents

0 0 0.003 0

Initial stocks 0 0 0
Agent strate-
gies

0.068 0.002

Initial money 0.005

Note: Partial η2 used as e�ect size; R2 = .589; 100 runs per 2,430 combinations; for all e�ects >= .001:
p < .001.

Table 5: The main (diagonal) and interaction e�ects with independent variable “accuracy level".

4.13 With the independent variable “accuracy level", theR2 is lower than theR2 regarding the number of trades in-
dicating a higher impact of randomness on the accuracy level. Therefore, influencing accuracy seems to be less
straightforward than influencing the number of trades. The information distribution is not only an important
but also a less complexdecisive factor. One could argue that the informationdistributionofHansonet al. (2006)
is extreme and that other information distributions might impact the result less. Nevertheless, the main e�ect
caused by the information distribution can be seen as dominating the other e�ects. Therefore, the hypothesis
will be further tested for other information distributions in the robustness subsection.

4.14 The same three comparisons aremade again to analyze the sub-hypotheses to analyze some of the interaction
e�ects inmore detail. Themean accuracy level in the default value is compared between the twomechanisms.
Both, the mean accuracy level over all settings and themean accuracy level for each setting of the full factorial
design is assessed (seeTable 6). Oneof the values is fixed inTable 6 to cover the sub-hypothesis and theanalysis
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therewith di�ers from the analysis of the default model. For example, the fixed value “Strategy: Mix 2" means
that the Mix 2 strategy combination is considered instead of the ZI.EV traders to analyze hypothesis 2a.

Fixed values Default setting All settings

Mean trades Mean trades Win. settings

Strategy: CDA 639.95 1920.93 32
Mix2 LMSR 113.90*** 1,440.95*** 211***

Knowl.: CDA 1,321.75*** 1,732.83*** 290***
CV0 LMSR 1792.71 1941.43 115
Knowl.: CDA 1,691.58** 1,880.51*** 267***
CV100 LMSR 1849.5 2023.47 138

Note: Welch two sided t-test for means and exact binomial test assuming a probability of 50% for winning
settings (* p < .05 ** p < .01 *** p < .001).

Table 6: Mean and winning settings with fixed factor levels and independent variable ‘accuracy level".

4.15 Hypothesis 2a is supported and states that the LMSR is superior in the presence of fully random traders (ZIU).
Table 6 shows that themean accuracy level both in the default and over all settings is significantly better for the
LMSRassuminga strategydistributionMix 2 (withZI.EV,N-ZI andZIU traders). This result holds for 86.83%of the
settings. The stability of the LMSR could explain the improved accuracy level because ZIU traders potentially
lead to bigger changes in the CDA. The LMSRdoes not preventwrong trades, but lowers themaximum influence
of each trade on the price.

4.16 Hypothesis 2b is also supported and claims that the CDA is superior for extreme information distributions, i.e.
information distributions at the border of the possible states. As documented in Table 6, the CDA is superior
to the LMSR for a correct value of 0 and 100 respectively27. Over all settings, the CDA achieves a better result
in more than 65% of the cases. The importance of the initial liquidity in the LMSR can be seen as a reason for
this. The money is always owned by the traders in the CDA while both the market maker and the traders own
money in the LMSR. For example, the average amount ofmoney held by the traders is always equal to the initial
endowment of 200with a correct value of 100 a�er 60 steps in the defaultmodel based on the CDA. Thismoney
is not distributed equally between the traders; however, most traders are still able to participate in trading. The
traders hold on average 256.19 monetary units (information: correct value is not 40) and 143.81 respectively
(information: correct value is not 0) a�er 60 steps. Therefore, both groups have on average more than 100
monetary units per trader and, therefore, are theoretically able to push the price up to 100. The LMSR yields
di�erent outcomes. The market maker is holding part of the money while the traders hold additional stocks.
Therefore, the average amount of money is reduced to 143.42 (information: correct value is not 40) and 80.25
respectively28 (information: correct value is not 0). Having an average of 80.25 monetary units already detains
the average trader in the second group from increasing the price to 100. Taking into account, that theminimum
final endowment of 16monetary units in the LMSRmostly prevents the agent from trading, shows that the CDA
has an advantage with extreme information distributions of keeping the money in the market. With an initial
endowment of 300, thedisadvantageof LMSR is reduced. TheCDAonly slightly profits frommore liquidity (CV0:
1318.79 and CV100: 1683.06), but the average accuracy level with the LMSR is clearly improved (CV0: 1617.84
and CV 1737.65) compared to the lower initial endowment as presented in Table 6. The better accuracy can be
explained by an increased average money endowment at the end of the trading. While the traders in the CDA
have an average amount of 300 monetary units, it is again lower in LMSR (196.19). However, even the traders
who can exclude the value 0 still have an average endowment of 157.25, which is su�icient to push the price
up to 100. Therefore, the disadvantage of LMSR compared to CDA with extreme information distributions is
decreasing with more money, but still available.

Standard deviation of the price

4.17 The e�ects of the market mechanism on the standard deviation of the price (hypothesis 3) are analyzed next.
There is strong support for hypothesis 3. The first column of Table 7 reports the standard deviation of 100
runs per mechanism in the default setting. It documents that the standard deviation of the price in the default
setting is lower in the LMSR. The second column shows the standard deviation of 121,500 runs per mechanism
over all possible combinations and presents data favoring the LMSR. The third column compares the averages
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of 100 runs per mechanism in each of the 1,215 factorial combinations. The hypothesis holds for 1,131 out of
1,215 (93.09%) cases, which is the highest value of the three comparisons. All cases showing an advantage for
the CDA belong to the 243 ZIP cases. Therefore, the learning capabilities of the ZIP traders seem to lower the
standard deviation within the CDA. However, 65.43% of the ZIP cases still have a lower standard deviation with
the LMSR and, thus, the LMSR is superior with ZIP traders too. This is caused by the LMSR’s ability to reduce
the size of the price changes (maximum only 5 instead of 47) by determining the price based on all past trades
instead of only the last one.

Default setting All settings

Std. dev. price Std. dev. price Winning settings

CDA 13.79 16.12 84
LMSR 2.17 6.74 1,131***

Note: Exact binomial test assuming a probability of 50% for winning settings (*** p < .001).

Table 7: Mean and winning settings with independent variable “standard deviation of price".

Robustness tests

4.18 Two further robustness tests seemappropriate to support our results29. First, we execute a robustness testwith
di�erent information distributions, i.e. less extreme distributions than in the original laboratory experiment.
The main e�ect caused by the information distribution was the biggest e�ect in the prior analysis. Therefore,
a robustness test is required to investigate the reliability of the presented simulation results. Second, extreme
factor levels are considered. The factor levels have been selected linearly and, consequently, extreme factor
levels at the border of the possibilities have not been tested. Because the results could di�er in this context, a
robustness test is performed.

4.19 Four alternative information distributions are chosen for the first robustness test. The first scenario reflects
a higher diversity of information among the traders and is adapted from an information distribution used by
Smith (1962). Each agent has a unique expected value. The expected values of the six agents are as follows:
agent 1: 25, agent 2: 35, agent 3: 20, agent 4: 40, agent 5: 15, agent 6: 45. The correct value is assumed to be
30. The second information distribution mirrors the first one with an expected value of 70. The third (fourth)
is adapted from Oprea et al. (2007) and provides 50% of the agents with an expected value of 20 (80) and the
other 50% of the agents with an expected value of 40 (60). The correct value is assumed to be 30 (70).

4.20 The second robustness test targets extreme factor levels as an alternative to the linearly chosen ratio-scaled
factor levels. Here, very low factors levels are selected, for example, concerning thenumberof traders (2 instead
of 6 agents) and the trading duration (5 instead of 30 steps).

4.21 As Table 8 shows, the robustness tests provide further support for the findings presented in previous subsec-
tions: Hypothesis 1 and 3 are supported again as both robustness tests are pointing into the samedirection. The
results regarding hypothesis 2 are ambiguous. With alternative information distributions, the LMSR leads to an
improved accuracy, while with extreme factor level values the result is contrary. Consistently with the results
over all settings, the extreme information distributions decrease accuracy with LMSR. Therefore, the results
are again not robust as in the results of the main analysis. The results regarding the interaction e�ect with the
Mix 2 strategy combination cannot be tested with two agents, as it is impossible to ascribe the three di�erent
strategies of the Mix 2 model in the proportion needed. However, it finds further support as well with di�erent
information distributions because the direction is consistent with the prior tests.

Hypothesis Default All settings Winning settings Alt. Knowl. Extr. values

LMSR: Number of trades + + + + +
LMSR: Accuracy + - o + -
LMSR: Mix 2 strategy + + + + NA
CDA: CV 0 / CV 100 + + + NA NA
LMSR: Std. dev. + + + + +

Note: - contrary to hypothesis; o neutral; + support for hypothesis; NA not applicable.

Table 8: Summary of all results including robustness tests based on alternative information distributions and
extreme values.
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Discussion and Conclusion

5.1 This paper analyzes the e�ect of two important market mechanisms on several outcome variables of a predic-
tion market. These are the number of trades, the accuracy level and the standard deviation.

5.2 We find clear support for the first and third hypothesis that the LMSR results in a higher number of trades and
higher reliability. These results are relevantbecause trades contain the informationof theactors onaprediction
market and the reliability is important for the use of prediction market results. Before the simulation analysis,
it has been unclearwhether the LMSR achievesmore trades from the o�erings of amarketmaker or if the CDA is
advantageous. The simulation shows that the LMSR leads to a higher number of trades. This observation stems
from the fact that the existence of a market maker typically increases the number of trades. E.g., two o�ers
can result in a maximum of one trade in the CDA, while they allow for two trades in the LMSR. Consequently,
the LMSR only shows fewer trades under exceptional circumstances. It could happen if the extent of the price
movements permitted by the LMSR was too big to cover all possible o�ers, for example. This might be the
case for ZIP learning agents that negotiate a very small price corridor. However, these cases do not outweigh
the e�ect of the market maker. The fact that the third hypothesis is supported, helped to resolve the tension
between the observations of Healy et al. (2010, p. 1988) and contradicting theoretical considerations. The lower
volatility observed in the simulation is caused by the fact that all past trades inform the price calculation in the
LMSR. The price changes in the LMSR are less volatile and, therefore, less probable due to noise trading. The
maximum price change in the LMSR standard setting is 5 compared to 47 in the CDA. Consequently, the LMSR
is able to address problems, which are highly relevant in the corporate context. It lowers the liquidity problem
and increases the reliability of a prediction market.

5.3 Interestingly, the accuracy level, the most important evaluation criterion, is influenced in a much less straight-
forward way. Existing laboratory experiments have also been unclear in this regard (Healy et al. 2010; Ledyard
et al. 2009, e.g.,). In line with empirical evidence, the simulation does not give a clear direction regarding the
main e�ect at a first glance. However, a more detailed analysis considering interaction e�ects with several fac-
tors shows that these are actuallymore important than themain e�ect of the choice of themarketmechanism.
In addition, these interaction e�ectsmove the accuracy level in di�erent directions. An important one concerns
the strategy of the agent. While adding random traders to a predictionmarket can generally decrease the accu-
racy, it decreases less when using the LMSR. The information distribution poses another important interaction
e�ect. The LMSR’s advantages for the default distribution and a correct value in the middle of the possible val-
ues are linked to problemswith the extreme values. Liquidity issues of traders represent one reason preventing
traders from further participation. Consequently, if extreme information distributions are not expected, the
LMSR is superior in most of the cases.

5.4 Overall, themechanism choice clearlymatters when drawing on the “wisdomof the crowds" (Surowiecki 2010)
in apredictionmarket and tradeo�shave tobe consideredwhen settingup suchamarket. There is not “thebest
marketmechanism" for all analyzed settings, but eachmechanismhas shownspecific advantages in a selection
of di�erent settings. Based on our simulations, the LMSR seems to be advantageous inmany cases and limiting
the traders’ options in the LMSR appears to enhance the results. The advantage of the CDA’s flexibility remains
for the presence of higher sophisticated traders and extreme information distributions when the prediction
market owner has the option to select the CDA to o�ermore freedom to the traders risking “no trades". Inmost
cases, especially in the presence of traders not trained in market trading which is o�en the case in corporate
predictionmarkets, this full flexibilitymight turn out to be a disadvantage compared to the steady liquidity and
cumulative price building process of the LMSR. Excluding prediction markets with well-trained traders, e.g., in
the financial industry, the LMSR appears to be an appropriate choice for most corporate prediction markets.

5.5 Our results do extend prior research in several ways. Our simulation builds on the laboratory experiment of
Hanson et al. (2006), but we analyze di�erentmechanisms instead ofmanipulation. Existing laboratory experi-
ments (Healy et al. 2010; Ledyard et al. 2009) consider only a relatively small selection of factors. They focus on
the information distribution and themechanism, for example. This work assesses a broader number of factors
and tests the results for robustness. Furthermore, it is not restricted to a small number of agents (3 agents)
and can control their strategies. Existing findings regarding themain e�ect of themarketmechanism are partly
contradictory (Healy et al. 2010; Ledyard et al. 2009). Our analysis shows that the main e�ect of the market
mechanism is rather low compared to the interaction e�ects which might explain the di�erent results of prior
studies. Slamka et al. (2013) have analyzed di�erent market maker mechanisms by simulation. They conclude
that the LMSR is more accurate but less robust than other market maker mechanisms. This paper compares it
with the CDA, and shows that the CDA is even less robust and in some settingsmore accurate than the LMSR. So,
the LMSR balances the advantages of the CDA and other market maker mechanisms, for example, as the one
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of the Hollywood Stock Exchange covered in Slamka et al. (2013), and could be seen as compromise between
them.

5.6 However, open questions remain which might guide further laboratory experiments. Especially, the influence
of interaction e�ects on the quality of prediction market results could be further investigated due to its high
relevance. Existing experimental research is contradictory (Healy et al. 2010; Ledyard et al. 2009). The simula-
tion comes to the result that themain e�ect of themarket mechanism does not have a consistent e�ect on the
outcome of prediction markets. Instead, the interaction e�ects are more important. This leads to two possible
directions in subsequent laboratory research. First, the simulation has shown that random traders in CDA can
be amajor influencewhichmakes appropriate training for participants especially valuable. However, a simula-
tion cannot analyze the exact influence of an appropriate training on the behavior of the actors. For example,
training the di�erent strategiesmight lead to participants selecting themost promising strategy. However, they
might also try to adapt the strategieswith potentially negative e�ects. It would be interesting to investigate this
possible e�ect in future laboratory experiments and incorporate findings in the presented simulation model.
Second, extreme information distributions could be testedwith the LMSR. In this case, more than one outcome
is possible (Klingert & Meyer 2012b, p. 86). If the actors would constantly follow their trading strategy like the
agents in the simulation, the resultsmight support the findings of the simulation. Then predictionmarket own-
ers should be cautious to use LMSR when extreme outcomes are expected or the available information o�en
changes significantly, for example, at the beginning of a financial crisis. If the actors would adapt their strategy
to conjointly move the price upwards, the results might di�er and the disadvantage of LMSR would be lower
than observed in this study.

5.7 The LMSR o�ers advantages over the CDA for practical applications within corporations similar to the ones de-
scribed for HP (Chen & Plott 2002). E.g., HP actually involved five subjects from HP Labs (Chen & Plott 2002,
p. 10) to overcome the liquidity issue of small corporate internal markets before the invention of the LMSR. An
automated LMSRwould not have required such a time-consuming commitment. We outlined that participants
without training in market trading might pose an issue. That is why HP considered individual instruction ses-
sions lasting between 15 and 20minutes (Chen & Plott 2002, p. 10). Apart from that, new participants might act
randomly until they have learned and got accustomed to the market. Our simulation showed that the LMSR is
less a�ectedby isolated randomtraders. While theCDAhas shownmore flexibility regardingextremeoutcomes,
it seems a minor issue in the case of HP because prediction markets can be well designed and calibrated with
the last actual value for the short-term forecast of months and quarters. Only very few exceptions like the first
period of a major financial crisis exist that would see the CDA at an advantage.

5.8 Beside predictionmarkets, this work also contributes to simulation research in general by providing a concrete
example for using experimental data to validate simulation models on the micro level. Validation is a major
problem of simulation and simulation models are o�en at most partially validated (Heath et al. 2009). When it
comes to statistical validation, a complete validation is evenmore rare (Heath et al. 2009). In both, field exper-
iments and laboratory experiments we cannot investigate the minds of the participants. However, the known
information in laboratory experiments which is given by the experimenter allows to better draw conclusions
about strategies which best fit to the observed actions. Using this advantage of a combination with labora-
tory experiments, the described simulationmodel is statistically validated on themicro level and tested on the
macro level. Therewith, it also di�ers to prior predictionmarket simulations (e.g., Oprea et al. 2008; Othman &
Sandholm 2010b; Slamka et al. 2013).

5.9 Finally, several limitations of our research have to be considered. The validity of simulation presents a limita-
tion. Therefore, it would be worthwhile to further validate the simulation results with subsequent laboratory
and field experiments. The strong link of our simulation to the experiment of Hanson et al. (2006) makes ad-
ditional variations beyond the robustness tests desirable. Examples include the introduction of manipulating
agents as a major concern in prediction market research (Hanson et al. 2006) as well as analyzing prediction
markets with only a short duration represented by only few simulation steps. Another area for further research
arises from the fact that the mechanisms are compared under the assumption of constant agent strategies.
Choosing the best mechanism should also be based on how easy it is to comprehend because a lack of un-
derstanding by human traders might decrease the quality of the strategies. Market design research highlights
simplicity as amajor lesson learnedwhich is also recognized by Roth (2008, p. 306). The LMSR has less degrees
of freedom in how to trade because only themarketmaker is allowed to place o�ers, and is, thus, less complex
than the CDA. Simplifying the options and strategies could lead to a simplified strategy choice. This e�ectmight
ultimately result in better strategies, which shouldbe explored further in subsequent laboratory and simulation
experiments.
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Appendix: Micro validation of the simulationmodel

Themicro validation takes place in two phases. The first one comprises the following three steps. (1) A strategy
family is selected considering the purpose of the model (family of zero-intelligence traders). (2) The strategies
of the strategy family are grouped along theoretical criteria (fully random, rely on private information, rely on
market information). (3.1) Simple strategies representing one of the groups are selected (random, private or
market information). (3.2) The 48 actors of the experiment are classified. (4.1) The second phase consists of two
further steps, the classification of actors and the selection of strategy combinations. In this phase, combinato-
rial strategies are considered too (combining private and market information). (4.2) A�er the 48 actors of the
experiment are classified, (5) certain strategy combinations are selected.

(1) The micro validation starts with a pre-selection of strategies. We already discussed how the family of zero-
intelligence (ZI)30 strategies was pre-selected. The following four scenarios describe the di�erent types of ZI-
agents. Zero intelligence unconstraint traders (ZIU, Gode & Sunder 1993) randomly decide to buy or sell and at
what price. Zero intelligence constraint traders (ZIC, Gode & Sunder 1993) are restricted in their trading by their
constraint to not sell (or buy) below (or above) a certain value. Zero intelligence plus traders (ZIP, Cli� & Bruten
1997) adapt a profit margin based on the success of the last trades. Lastly, near zero intelligence traders (N-ZI,
Du�y & Ünver 2006) trade based on the expected value and the last market price. All four types of zero intelli-
gence agents have a random component in common, i.e., they select the exact price within an interval based
on a uniform distribution. However, the strategies deviate from each other and make a selection necessary to
keep the simulation complexity manageable.

(2) In the second step, the strategies of the strategy family are grouped along theoretical criteria. The selection
process begins with grouping all theoretically possible ZI-strategies. We grouped based on the definition of a
strategy. A strategy maps a state of the simulation to an action performed by the agent (Woolridge 2002, p. 31-
42), which might be extended by a random component for non-deterministic strategies31.

The state of the simulation forms a fundamental part of a strategy and is subsequently used to identify di�erent
groups. The state of the simulation is defined by the state of the agent(s) as well as the state of the market. In
this work, the agents can only access their own state and the state of the market, resulting in four strategy
groups: Strategies might not use the state of the simulation; strategies might use the state of the agent (own
information); strategies might use the state of the market (market price); combinatorial strategies might use
both (own information and the market price).

The initial classification of the actors is based on non-combinatorial strategies as shown in Figure 5. Combina-
torial strategies are added next (see Figure 6).

Figure 5: Non-combinatorial strategy groups and strategies for the first step of agent micro validation (see sub-
sequent text for explanations of strategies).

(3.1) Next, strategies are initially chosen out of the set of possible strategies in each of the three strategy groups
which are non-combinatorial. They are kept as simple as possible to follow the idea of ZI-agents.
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Strategies that are independent of the state of the simulation canbedescribed as random. The literature has in-
troduced zero intelligence unconstraint traders (Gode & Sunder 1993, p. 123), which sell and buy at any possible
value determined by a uniform distribution. This strategy defines the validation baseline because it includes
every action and is therefore minimally restrictive. In addition, random trading might pose a valid strategy for
laboratory experiments and might even be meaningful in some cases (Fama 1965, p. 59). However, random
trading seems to be themost basic strategy of the ZI strategy family. It is also supposed to be less successful in
most environments compared to other zero intelligence strategies.

Strategies using the state of the agent are categorized as fundamental trading in the literature (e.g., Alfarano
et al. 2005, p. 21, Farmer& Joshi 2002, p. 150. In our simulation, a simple strategy is an adaptation of ZIC traders,
i.e. zero intelligence expected value traders (ZI.EV) selling above and buying below the expected value32. The
adaptation of ZIC is necessary because the true ZIC traders can only either buy or sell (Gode & Sunder 1993,
p. 122). The expected value is calculated as the sum of all possible payo�s per states weighted with the proba-
bility known to the actors33.

Validation hypothesis 1: The actions of trader xn|n ∈ {1; . . . ; 48} are best represented by ZI.EV strategy.
Strategies using the state of the market can be further broken down into (a) strategies trying to extrapolate
past states and (b) strategies basing predictions on previous prices. (a) The former is described as trend trading
(e.g., Farmer & Joshi 2002, p. 150) or herd trading (e.g., Alfarano et al. 2005, p. 22). The simplest strategy is a
zero intelligence trend (ZI.trend) strategy buying below and selling above the trend price. It arrives at the trend
price by extrapolating the last two prices and results in a predicted trend value that is the last price plus the
di�erence between the last two prices34.

Validation hypothesis 2: The actions of trader xn|n ∈ {1; . . . ; 48} are best represented by ZI.trend strategy.
(b) Finally, a strategy based on the market price is derived. An example can be found in literature like trading
based on the last price(s). Du�y & Ünver (2006) develop a strategy that contains such a component (beside a
fundamental trading component). The simplest strategywould be a zero intelligence last value (ZI.last) strategy
which buys below and sells above the last price. This strategy is also consistentwith randomwalk theory (Fama
1965, p. 56), according to which the best prediction of the next price is the last price. Therefore, an actor might
consider trading on the last price as a strategy35.

Validation hypothesis 3: The actions of trader xn|n ∈ {1; . . . ; 48} are best represented by ZI.last strategy.
(3.2) Next, the actors are assigned to the predefined classes in three steps. First, every action of each agent
can be classified as compliant with a certain strategy or not compliant36. For instance, if a trader is selling for
a price of 20 monetary units and the actor’s expected value is 30, the action is not compliant with the ZI.EV
strategy. However, it might be compliant with other strategies. Unlike other empirical data, laboratory data
allow for this classification, because the information of the actors is controlled by the experimenter. Second,
the actor is classified into the strategy with which most of the actor’s actions conform. Third, the classification
is tested against the null hypothesis. If the null hypothesis can be rejected, it remains in this class. Otherwise,
it is re-classified into the class linked to the validation null hypothesis.

The validationnull hypothesis of the classification is theZIU strategyand leads to completely randomactionsby
agents. The ZIU agents can sell and buywithin a range from 0 to 100. Such an agent has an average compliance
rate of about 49.5% with each rule37. On this basis, the validation hypotheses are tested against the validation
null hypothesis.

Validation null hypothesis: The actions of trader xn|n ∈ {1; . . . ; 48} are best represented by ZIU strategy.
The 48 actors in the experiment of Hanson et al. (2006) are assigned to the 4 pure strategies documented in Ta-
ble 938. With 31-32 traders themajority is classified as ZI.EV traders; only 2-3 actors belong to ZI.trend or ZI.last.
Thevalidationbaseline is not rejectedagainst anyof the validationhypotheses in 14 cases. Lowcorrelation coef-
ficients for the strategy compliance underline the diversity of the non-combinatorial strategies39. Furthermore,
it has to be noted that the traders classified to the ZIU strategy are not necessarily trading randomly. In the case
of a significance level of< .2, only 3 traders would not have been classified into to the classes ZI.EV, ZI.trend or
ZI.last. These results lead to using the ZI.EV strategy as the defaultmodel for the agents in our simulation. In ad-
dition, ZIUwill serve as a benchmarkmodel. The other two strategies are not used, but subsequently combined
with the ZI.EV strategy for the combinatorial strategies.
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Strategy group Representative strategies Valid. class Number of actors assigned

Random ZIU (random) Null (Sig. < .05) 14
State of the agent ZI.EV (expected value) Class 1 31-32
State of the market ZI.trend (trend value) Class 2 1-2

ZI.last (last price) Class 3 1

Table 9: Classification of actors to pure strategies. Note. N= 48. 1 actor has the same probability for ZI.EV and
ZI.trend.

(4.1) Combinatorial strategies are derived next. ZI.EV serves as a starting point and is then combined with
ZI.trend by calculating the average of the expected value and the trend value. Additionally, ZI.EV is also com-
bined with ZI.last by calculating the average of the expected value and the last value. The combination of ZI.EV
and ZI.trend is called ZI.EV.trend. The combinatorial strategy based on ZI.EV and ZI.last describes an instance of
a trader type invented by Du�y &Ünver (2006) and is called near zero intelligence (N-ZI) traders. Combinatorial
strategies as well as ZI.EV and ZIU are considered in the second validation as shown in Figure 6.

Validation hypothesis 4: The actions of trader xn|n ∈ {1; . . . ; 48} are best represented by ZI.EV strategy.
Validation hypothesis 5: The actions of trader xn|n ∈ {1; . . . ; 48} are best represented by N.ZI strategy.

Figure 6: Combinatorial and pre-selected non-combinatorial strategies for the second step of agent micro vali-
dation (see text for explanations of strategies).

(4.2) The 48 actors are then assigned to the 2 revised classes as well as the 2 standard classes (ZIU and ZI.EV) as
documented inTable 10. Approximately the samenumberof traders is classified intoZI.EVandN-ZI respectively.
No actor can uniquely be classified into ZI.EV.trend and there are only two less ZIU traders for the combinatorial
than for the non-combinatorial strategies. The high correlation coe�icients40 expose the reduced diversity of
the strategies. It is caused by the component shared by all strategies in Table 10 – the expected value. These
results lead to including the N-ZI strategy to the set of strategies used in our simulation.

Strategy group Representative strategies Valid. class Result

Random ZIU (fully random) Null (Sig.< .05) 12
Fundamental ZI.EV (expected value) Class 1 13-21
Fundamental + trend ZI.EV.trend (0.5∗exp. v.+0.5∗t. v.) Class 4 0-7
Fundamental + average N-ZI (0.5∗exp.v.+0.5∗last price) Class 5 12-22

Note: N = 48. 11 actors have the same probability for more than one class. Among them are three actors
which are categorized to all three classes. One further actor is categorized to ZI.EV and ZI.EV.trend, four
actors to ZI.EV and N-ZI and three actors to ZI.EV.trend and N-ZI.

Table 10: Classification of actors to combinatorial strategies.

Overall, resulting from our micro validation homogenous and heterogeneous models are selected. First, two
homogenousmodels, i.e., models where all traders are following the same strategy, are suggested (ZI.EV, N-ZI)
following the micro validation. Finally, heterogeneous models containing agents with di�erent strategies are
added. Mix 1 considers the equal division of the actors and is restricted by a balanced information distribution
to outweigh the ZI.EV strategy. It comprises the two strategies derived from the validation without the ZIU
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strategy. Therefore, the heterogeneousmodel Mix 1 can be seen as a “lower boundary" of random traders. The
heterogeneous model Mix 2 contains the two strategies derived from the validation and the ZIU strategy given
that the ZIU strategy could not be rejected for 12 actors in the combinatorial case. Therefore, it represents the
idea of an “upper border" of random traders.

Notes

1The terms “information markets", “decision markets", “electronic markets", “virtual markets", “political
stock markets", “election stock markets", ‘artificial markets" and “idea futures" can found in the literature as
well (Tziralis & Tatsiopoulos 2007, pp. 76-77).

2This work is a revised and substantially extended version of Klingert & Meyer (2012a) presented at ECMS
2012 in Koblenz and elaborates on the PhD thesis of one of the authors (Klingert 2013). It provides additionally
to the ECMS contribution an extensive description of themicro validation and investigates further hypotheses.
Beyond, further feedback is considered, among others of the participants at ECMS 2012.

3The reason why companies set up such markets is that concerning the information they want to generate
typically no usablemarket exists. This is also o�en the case for predictionmarkets used in other contexts. Still,
o�en the ability of markets to aggregate dispersed information described by Hayek can sometimes be used by
looking at already existing (future) markets (for examples see Surowiecki 2010). E.g., the expected outcome
of elections and possible changes in this respect might also be reflected in the stock market of a country. A
practical challenge of predictionmarkets is possible susceptibility tomanipulation (Hansen et al. 2004; Hanson
et al. 2006).

4A notable exception in this respect is the work by Brahma et al. 2012.
5The talk by Ledyard is not published, but as empirical insight regarding the di�erence of CDA and LMSR is

rare, we cite here the paper in which his talk is mentioned.
6Even the number for the average prediction market in a corporate context is higher despite the fact that it

generally involves fewer traders than other prediction markets.
7The variance of the price from the correct value is used as a measure for the accuracy level (Hanson et al.

2006, p. 456). Another related criterion is the time a mechanism needs to incorporate new information. This is
not in the focusof this paper. Concerning this and related issues thepaper byBrahmaet al. (2012) canbe seenas
a very useful complementary contribution comparing an refined version of the LMSR and their BayesianMarket
Maker. See also the next endnote for the other metrics used in their paper.

8Brahma et al. (2012) use di�erentmetrics due to the di�erent simulation targets and the resulting research
questions, which are partially overlapping. Both papers measure the accuracy of the prediction market and
therefore employ very similar measures (we follow Hanson et al. (2006) and measure accuracy as the variance
between the price and the correct value, Brahma et al. (2012) use the RMSD which is the root mean square de-
viation). Both papers also address the reliability of themarket towards the end of trading. We use the standard
deviation of the last prices, while Brahma et al. (2012) look at RMSDeq. This di�erence is again driven by the dif-
ferent foci of research. We want to assess the risk of making wrong decisions based on “extreme" predictions.
Brahma et al. (2012) uses the RMSDeq to address a specific shortcoming of the LMSR, i.e. that it tends to fluctu-
ate even a�er reaching the true value. This property of the LMSR is not in the focus of our research, as the CDA
is known to bemuchmore volatile than the LMSR.Wemeasure the number of trades, as this gives an indication
for the liquidity in themarket and its related ability to aggregate information. Brahma et al. (2012) measure the
bid-ask-spread. This gives also an indication for the liquidity in the market, as a higher spread also implies a
lower liquidity. At the same time the authors consider this as a measure for the convergence of the respective
market maker’s beliefs. Given our di�ering research focus, adding these metrics would not add enough value
compared to the cost of increasing the complexity of this paper. For a discussion of their results related to the
ones of our paper see Section 5.

9The program code and explanations concerning it will be provided by the authors upon request.
10The knowledge distribution chosen by Hanson et al. (2006) is partially certain and might appear rather

specific. Nevertheless, there are circumstances where similar information distributions could exist in reality.
Let us think about an IT-consulting company predicting its revenue figures with a corporate predictionmarket.
Maybe a division of this company is mainly dependent on two projects: A Blueprint project with a volume of
40 Mio. Euros and a dependent realization project with a volume of 60 Mio. Euros. The possible outcomes in
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this case would be 0 Euros, if no project will be executed, 40 Mio. Euros if the first one is executed and 100 Mio.
Euros if both projects are executed. In this case, an employeemight have certain knowledge about an approved
Blueprint project which will be executed for sure without knowing more details about the second project.

11It is assumed that the actors in the laboratory experiment have comparable reaction times.
12This is an important di�erence to other studies also referring to experiments. For example, the focus of

Hommes (2011) is to combine experiments and simulation to show that their models can be fitted to their ex-
perimental data and helps to explain some observed stylized facts. Still, there are also other studies which try
to go beyond the original settings (Bravo et al. 2012, see). A crucial issue when doing so is to consider whether
the behavioral strategies derived from the original laboratory setting still hold for the new settings derived.

13The parameter b bounds the loss of themarket maker, but also influences how adaptive themarket maker
is and the liquidity in the market. Such a market maker who is very adaptive results in large bid-ask spreads.
This reduces the liquidity in the market (Brahma et al. 2012). Hence, a tradeo� exists limiting possible losses
and su�icient liquidity. For mathematical details, see Brahma et al. (2012) and Pennock & Sami (2007).

14Beside the initial endowment of money, the CDA may have additional costs due to the initial endowment
of stocks, if the correct value is 40 or 100. Then each stock pays the trader 40 or 100 monetary units. In LMSR,
the traders do not receive an initial endowment of stocks and do not get this additional payo�. However, they
receive an additional payo� by the loss of the market maker. The b-value regulates this loss. When choosing a
level for b a tradeo� exists between not allowing too much possible loss (which should be in our setting com-
parable to the costs of the CDA) and a liquidmarketwith low fluctuations around the equilibrium (Brahma et al.
2012). Therefore, when setting the parameter b, we have experimented with b and fixed it at a su�iciently high
level. Consistent with these sensitivity analyses, we fixed the value for b as 17.31 in our experiments as a control
variable.

15As zero intelligence traders are bounded by simple rules, they should not be considered as completely
random. The only exception is the strategy ZIU.

16Themicro level refers to the actions of the agents in the simulation and the actors in the laboratory exper-
iment, for example.

17To the knowledge of the authors, they have not been statistically validated in subsequent papers either.
This is not very surprising because zero intelligence agents were originally not designed to represent human
behavior. They have been designed to show that even very simple strategies at the micro level can result in
patterns typically observed at markets at the macro level.

18Brahma et al. (2012, pp. 230-231) also investigate the e�ects of di�erent trading strategies in their compar-
ative analysis. They distinguish also between several types of technical and fundamental traders, but do not
provide an empirical validation of the trading strategies. Hommes (2011) provides an interesting example of
empirically validated behavior in assetmarkets, making a claim for the heterogeneous expectation hypothesis.
In someof the settings, he also includes fundamental traders, but overall he suggests a behavioralmodel that is
able to switch between di�erent forecasting heuristics. It should be mentioned that in his settings agents only
forecast prices and do not buy stocks and that his study has a di�erent scope.

19The problemof overfitting simulationmodels to historical data has already been discussed in the literature
(Law 2014).

20Each strategy should be represented by an even number because the agents can have two di�erent knowl-
edge components, i.e. one agent has an expected value above and one below the true value. An even number
of agents ensures an appropriate separation between knowledge and strategy to analyze the interaction e�ect.
Two more restrictions have to be taken into account. Only a natural number of agents is possible and the dis-
tribution should be valid for 6 agents because the experimental design starts with 12 agents and tries to test a
linear relationship of 6, 12 and 18 agents in a 3k-design of experiment.

21Average accuracy level: Empirical (1185), ZI.EV (1079), N-ZI (1030), Mix 1 (1084), Mix 2 (1772), ZIP (1420), ZIU
(2558).

22For example, CV 0means, that 50% (50%) of the agents know, that the correct value is not 40 (100).
23Simulating the default setting 10,000 times, the variance increasingly stabilizes (see Lorscheid et al. 2012,

pp. 51-52). Due to computing time restrictions and a clear decrease of instability a�er the first runs, 100 runs
per factor combination are performed. The high significance levels of our statistical analyses indicate that the
simulation model behavior is su�iciently stable.

24Partial η2 = SStreatment

(SStreatment+SSerror)
(Pierce et al. 2004)
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25The average amount of trades based on the ZIP strategy in the default setting is 26.86 (CDA) and 38.08
(LMSR) respectively. Over all settings the di�erence is even smaller with an average of 29.67 (CDA) and 30.14
(LMSR).

26Brahma et al. (2012, , p. 231) also investigated the e�ects of trading strategies and their results supported
their relevance too. The overall trend in their simulation experiments is that with more fundamental traders
the accuracy gets better (which makes sense as the noise in the market is reduced).

27Themaximum deviation of the median is only 2.18 monetary units.
28Each strategy should be represented by an even number because the agents can have two di�erent knowl-

edge components, i.e. one agent has an expected value above and one below the true value. An even number
of agents ensures an appropriate separation between knowledge and strategy to analyze the interaction e�ect.
Two more restrictions have to be taken into account. Only a natural number of agents is possible and the dis-
tribution should be valid for 6 agents because the experimental design starts with 12 agents and tries to test a
linear relationship of 6, 12 and 18 agents in a 3k-design of experiment.

29Beyond, we checked several other settings not described here. For example, the simulation is relatively
stable concerning its main results with a higher number of agents not simulated in our experiments (e.g., 50 or
100 number of agents) comparing CDA and LMSR in the standard setting.

30The term ZI agents stems from the fact that the rules constraining an agent’s budget were not set by the
agent but by the market in the original paper (Gode & Sunder 1993). The agent behaves randomly within this
constraint.

31Strategy: State of the simulation [x Random] → Action (Woolridge 2002, p. 31-42)
32This strategy follows the spirit of ZI-agents. For example, the component of N-ZI traders (Du�y & Ünver

2006) which represents fundamental trading is similar to the ZI.EV traders.
33Expected value =

∑Number of states
s=1 payo�s ∗ probabilitys

34Trend value = pricet + (pricet − pricet−1)

35Last value = pricet
36Note: Accepting an ask for a price of x is considered as buying at a price of x. Accepting a bid for a price of

x is considered as selling at a price of x.
37Note: Accepting an ask for a price of x is considered as buying at a price of x. Accepting a bid for a price of

x is considered as selling at a price of x.
38Theagents in the fourexperimentswith replication treatmentarenotanalyzedseparately inorder to reduce

the complexity of the validation. Separating the experiments, the ZI.EV strategy is still the dominant strategy
with at least 7 actors in the ZI.EV class in each of the 4 experiments.

39Comparing the percentage of compliant actions for two strategies, Pearson’s correlation coe�icient is 0.13
(ZI.EV vs. ZI.trend), 0.25 (ZI.EV vs. ZI.last) and -0.19 (ZI.trend vs. ZI.last) (none of the correlations reaches a
p-level of .05).

40Comparing the percentage of compliant actions for two strategies yields a Pearson’s correlation coe�icient
of 0.92*** (ZI.EV vs. ZI.EV.trend), 0.90*** (ZI.EV vs. N-ZI) and 0.88*** respectively (ZI.EV.trend vs. N-ZI) (for all
correlations: *** p < .001).
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