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In this article, we extend an early agent-based spatial model of the prediction market 

by taking into account the heterogeneities of agents in their tolerance capacity (tolerance 
to neighbors with different political identities) and in their exploration capacity (explora-
tion of the political identities of other agents). We then study the effects of these hetero-
geneities on the behavior of the prediction market, including prediction accuracy, deter-
minants of earnings, and income distribution. First, in terms of prediction accuracy, we 
find that, compared to the homogeneous case, bringing heterogeneity into the model can 
generally improve the prediction accuracy, although its statistical significance is limited. 
In particular, the well-known empirical regularity known as the favorite-longshot bias 
remains almost unchanged with this extension. Second, through the heterogeneous-agent 
design, we find that both capacities (personality traits) of agents have a significant posi-
tive effect on earnings, and the effect of the exploration capacity is even more dramatic. 
Third, through their effects on earnings, both capacities also contribute to income ine-
quality, but only to a mild degree with a Gini coefficient of 0.20.   
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1. MOTIVATION AND INTRODUCTION 
 

How much knowledge does he need to do so successfully? Which of the events 
which happen beyond the horizon of his immediate knowledge are of relevance to his 
immediate decision, and how much of them need he know? ([1], p. 525) 

In his celebrated article “The Use of Knowledge in Society” [1], Hayek argued that 
the price system provides the solution to the use of knowledge required to solve real 
problems. Having said that, Hayek did not consider that there was any better alternative 
which could help the decision maker(s) to acquire the knowledge required to solve the 
problem. While this paper has been read out loud on many occasions in classrooms, 
meeting rooms, journal articles, and now even over the Internet, and has been embraced 
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by uncountable celebrities as part of their wisdom, it remains unclear to us as to what is 
the necessary knowledge required for an individuals to know or, in Hayek’s own words, 
“how much of them need he know?” 

 As far as we can see, there is a co-dependence issue in Hayek’s argument. From 
beginning to end, Hayek very frequently seemed to emphasize that what individuals need 
to know is very limited given the support of a price system; nonetheless, he seemed to 
say little to remind us that the price system is in the meantime constituted by individuals 
with different degrees of acquired knowledge. If the individual becomes more ignorant 
due to a good awareness of the price system, for example, only making his decision by 
looking at the Dow Jones index and not reading the Wall Street Journal, and everyone 
else behaves in a similar manner, then the quality of the emergent price system may not 
warrant that good decisions can be made by watching “merely the movement of a few 
pointers” (Ibid, p. 527)?1 

Maybe in Hayek’s grand analysis, this co-dependence issue is rather minor, partic-
ularly considering that at the time when the paper was written, he was defending the 
market economy against the centrally planned economy.2 However, the “minor” issue 
may become serious if we misread the paper by taking the price system for granted and 
ignoring individuals’ roles in the aggregation process. 

Half a century later, economists started to apply the Hayek’s assertion to institu-
tionalize a price system, known as the prediction market, by which the knowledge dis-
tributed widely among individuals can be aggregated and used to predict future events. It 
is in this practical application that Chie and Chen [2] examined the role of individuals in 
Hayek’s assertion, also referred to as Hayek’s hypothesis by Vernon Smith [3]. They 
developed a spatial agent-based model of the prediction market. They first applied Schel-
ling’s segregation model [4] with a given tolerance level, s, also known as the migration 
parameter, to mimic the clustering phenomenon driven by different political identities.3 
The issue of limited knowledge or imperfect knowledge as addressed by Hayek is then 
characterized by agents’ exploration capacity (r), which, physically speaking, just deter-
mines a neighborhood size of agents. Essentially, this parameter determines how much 
agents endeavor to know, and hence is a measure of the efforts devoted to knowledge 
acquisition. This setup allows us to examine the role of individuals in knowledge acqui-
sition in the Hayek hypothesis. 

In [2], the two capacities, the tolerance capacity (s) and the exploration capacity (r), 
are assumed to be identical for all agents in the society. What the authors did was to dis-
tinguish one society from the other society by manipulating these two parameters. Hence, 
the study seeks to examine the performance of the prediction market over different soci-
eties characterized by these two capacities. Surprisingly, it was found that while beefing 

                                                 
1 Vriend [5] studied the aggregation problem in Hayek’s hypothesis under different behavioral settings. Using 

an agent-based model, he was able to distinguish between the cases where the information was aggregated 
well and the cases where it was not. When the social medium has gained its dominant role in human commu-
nication and decision-making processes, the worry of the stupidity of the herd is also increasing, no less than 
the appraisal for the wisdom of crowds [6, 7].  

2 This is known as the socialist calculation debate [8]. 
3 What considered in [2] is a spatial cluster, which is used to approximate the political map normally associated 

with election outcomes. However, the cluster phenomenon is not limited to the spatial configuration, but is 
generally applied to social networks as well. We have not done this part yet, which shall be an issue left for 
further study. 
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up these two capacities can make the society have better-informed individuals, it does 
not enhance the performance of the prediction markets. On the contrary, it makes it 
worse. This seemingly counter-intuitive result is due to the homogeneity effect. Basically, 
enlarging these two capacities actually enhances the flow of the information over various 
corners of the society, which causes agents to become rather homogeneous in their be-
liefs and reservation prices and hence results in bids and asks being difficult to meet. 
This result is what is familiarly known as the no-trade theorem [9].4 

In this paper, we address the significance of heterogeneity. We assume that agent i’s 
capacities are stochastically determined as follows: 

 
, ~ [ , ],i s ss s U a a        (1) 

and 
, ~ [ , ].i r rr r U b b        (2) 

 
Hence, we denote this new heterogeneous scenario as {s, r; εs, εr}, and the original ho-
mogeneous scenario as {s, r; 0, 0} or simply {s, r}. In this way, the two scenarios are 
identical in mean (certainty equivalence), but differ in their distribution. Therefore, by 
simulating both scenarios and comparing their results, we can evaluate the heterogeneity 
effect or the distribution effect. Specifically, we ask the question, under the certainty- 
equivalence condition, whether the prediction market can perform better in the hetero-
geneous scenario than in the homogenous scenario, and, if so, how much better? This is 
the key research question to be addressed in this paper. 

Obviously, taking the distribution effect into account does not go against the disper-
sion of knowledge among different individuals; on the contrary, it is probably even clos-
er to what Hayek [1] had assumed. As we shall elaborate later, doing this allows us to 
introduce personality traits into the model, and personality traits by definition are heter-
ogeneous among agents. Because of this addition, this paper can also be read as a pio-
neering step in addressing the effect of personality on information aggregation or the use 
of knowledge in the prediction market. 

The rest of this paper is organized as follows. Section 2 will introduce our spatial 
agent-based model of the prediction market. Section 3 gives the simulation design. Section 
4 discusses the simulation results. Section 5 gives the concluding remarks. 

2. THE MODEL 

The spatial agent-based model of the prediction market proposed in this paper is 
extended from Yu and Chen [10]. Early agent-based prediction markets did not take into 
account an embedded social network in which market participants obtain their personal 
information. Yu and Chen [10] made a first step toward it by bringing the idea of the 
political map into the model. However, the kind of clusters which they introduced was 
square blocks. Hence, the geographical features so formed are rather distant from the 
general political map observed in reality. Chie and Chen [2] first applied Thomas Schel-

                                                 
4 Chie and Chen [6], however, did find that, after controlling the homogeneity effect, the two capacities have a 

positive effect on market performance. 
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ling’s segregation model to generate the kind of irregular clusters which may fit the real-
ity better. This spatial model has three mainstays, namely, a trading institution (section 
2.1), a physical (spatial) network (section 2.2), and a social network (section 2.3). 

 
2.1 Trading Institution 

 
Network-Based Formation of Expectations and Reservation Prices  We shall make 
both the spatial and social networks explicit in our model (Sections 2.2 and 2.3). 
Through the given spatial and social networks, agents disseminate and acquire the in-
formation and form their expectations of the future of election outcomes, upon which 
their decisions on bids and asks are based. We assume that, to form an expectation of the 
election outcome, all agents use the sample average as the estimate, and the sample 
available to each agent is identical to the set of all his connecting agents (to be defined in 
Section 2.3). In other words, by using the sample proportion of the connecting agents 
supporting each political candidate, the agents form their expectations about the share of 
the vote of each candidate. This estimated share becomes the reservation price hold by 
the agents. To make this point precise, let p̂i,j be the subjective estimation of agent i re-
garding the share of the votes attributed to candidate j, and bi,j be the reservation price 
that agent i holds for the futures related to the vote share of candidate j. Then 

, ,

#{ : }
ˆ , 1,2,..., , 1,..., ,

#
i j

i j i j
i

k k N V
b p i N j m

N

 
        (3) 

where Ni is the set of agent i’s connecting agents (to be defined in Section 2.3), and Vj is 
the set of voters who support candidate j. For example, by (3), if the estimated share of 
the votes of Candidate A is 60%, then the reservation price of the future contract for 
Candidate A is 60 cents. With this reservation price, the agent would not accept any bids 
which are lower than 60 or any asks which are higher than 60. 
 
Bidding and Asking Strategy  In fact, following most agent-based prediction markets 
[10, 11], we assume that all agents are zero-intelligent agents (the entropy-maximizing 
agent) in the sense that the agent will bid or ask randomly with the constraint of making 
no expected loss [12, 13]. Therefore, his bid pb,i,j will be uniformly sampled from the 
interval between the floor, which is zero cents, and the reservation price bi,j , and his ask 
pa,i,j will be uniformly sampled from the interval between his reservation price and the 
ceiling, which is one dollar, as shown in Eq. (4). 

, , , , , ,~ [0, ], ~ [ , 1], 1, 2,..., , 1,..., .b i j i j a i j i jp U b p U b i N j m      (4) 

Double Auction  The trading mechanism adopted to run the market is continuous dou-
ble-auction, the one frequently used in the experimental economics to test the Hayek 
hypothesis [3]. The mechanism has also been used in a number of other agent-based pre-
diction markets [10, 11]. Fig. 1 gives a summary of the flow of the mechanism. The 
market starts from a random draw of the agents. Each agent shall be drawn exactly once; 
in other words, the draw proceeds in a sampling-without-replacement manner. When 
agent i is drawn, he will be randomly placed into one of the m markets and will be 
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Reservation Price Formation 

Agent i, i [1,2,..N]

Futures Market j, j[1,2,..m] 

Position [bid, ask] Buyer Seller 

Bid Price pb,i,j, 

pb,i,j[0,bi,j] 

Ask Price pa,i,j, 

pa,i,j[bi,j, 1] 

Matching and Execution Conditions 

(See Eq. (5)) 

Order Book Information of Unexecuted Bids and Asks 

(See Figure 2 for Enlargement) 

If all agents have completed bid or ask End 
 

Fig. 1. The flowchart of the order book-driven prediction market. 

 
equally likely assigned either as a buyer position or a seller position. He will then submit 
a bid if he is a buyer and submit an ask if he is a seller. His bid or ask will be placed in 
the order book. A match happens if either his bid (pb,i,j) is no less than the remaining 
lowest ask (bestpa) in the order book or his ask (pa,i,j) is no greater than the remaining 
highest bid (bestpb). The transaction price will then be determined as bestpa if the former 
applies or as bestpb if the latter applies. 

, ,

, ,

best , if best ,

best , if best .
a b i j a

b a i j b

p p p
p

p p p

  
    (5) 

The flow of the double auction market is illustrated in Fig. 2. The figure is divided 
into three panels. The left panel shows the event time (the first column); the middle panel 
gives the information of traders, including their reservation prices (the third column), 
which is determined by their connecting agents in a way as indicated in Eq. (3); the right 
panel shows that the constantly updated order book information of unexecuted bids and 
asks (the sixth and seventh columns) as well as all transaction prices (the last column). 

In this specific example, a number of agents are sequentially randomly sampled 
without replacement to enter the market; as shown in the second column, they are 9003, 
3882, 9152, etc. They are also randomly assigned a position, either buyer (to bid) or 
seller (to ask), as shown in the fourth or the fifth column. Given their reservation prices 
and positions, they bid or ask according to Eq. (4), and the realizations are shown in the 
fourth or fifth column. Given the bids and the asks, the market constantly checks the 
matching condition (Eq. (5)), executes those matched bids and asks, releases the transac-
tion price (the last column), and updates those unexecuted bids and asks (the sixth and 
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Agent reservation price bid/buyer ask/seller Bid Ask Price
1 9003 0 47.03 47.03 -
2 3882 57.14 85.19 47.03 -

85.19
3 9152 0 100 47.03 -

85.19
100

4 1569 64.71 48.22 48.22 47.03 -
85.19
100

5 buyer seller 85.19 47.03
1569 9003 100

6 10949 56.21 52.07 52.07 85.19 47.03
100

7 8307 40.74 29.83 52.07 85.19 47.03
29.83 100

8 8686 51.16 65.87 52.07 65.87 47.03
29.83 85.19

100
9 576 87.47 27.12 52.07 65.87 47.03

29.83 85.19
27.12 100

10 3855 0 25.38 52.07 25.38 47.03
29.83 65.87
27.12 85.19

100
11 buyer seller 29.83 65.87 52.07

10949 3855 27.12 85.19
100

12 … … … … … … …
… … … … … … …

Information of Agents
Event

match
48.22 >= 47.03

25.38 <= 52.07

Futures Market of Blue Candidate

match

 
Note: The left panel shows the event time. The middle panel shows the event characterized by a random draw 
of an agent and his/her randomly determined position (bid or ask) or a match and an execution. The right panel 
presents the constantly updated order book, including all unexecuted bids and asks and all transaction prices 
thus far. 

Fig. 2. An illustration of the flow of the double auction market with an order book. 
 

seventh columns). As shown in this example, up to event time 11, the market has already 
received 4 bids and 5 asks and is able to only match two of them, one at event time 5 and 
one at event time 11, with a price of 47.03 for the former and a price of 52.07 for the lat-
ter. 
 
2.2 Spatial Network 

 
The spatial networks considered in this paper are generated from the Schelling seg-

regation model [4], in which the location of agents is determined by their tolerance ca-
pacity for agents with different political identities. In other words, we replace the ethnic 
heterogeneity of agents in the original Schelling model with their political identity (j = 1, 
2, ..., m). Agents tend to reside in the place which is surrounded by the neighbors with 
the same political identity. Their tolerance of neighbors with different political identities 
is characterized by the parameter, tolerance capacity (s). The tolerance capacity is a ratio 
between 0 and 1. If the tolerance capacity is 0, then the agent cannot accept any other 
agents with different political identities as his/her neighbors. In other words, if he/she 
has one neighbor with a different political identity, then the agent will decide to migrate 



THE USE OF KNOWLEDGE IN PREDICTION MARKETS 

 

7

 

to another area which is susceptible to his/her tolerance capacity. On the other hand, if it 
is 1, then the agent will accept any number of neighbors with different political identities, 
even though he/she may be a minority in the community.  

If the tolerance capacity is between 0 and 1, then the agent can accept the unlike 
agents up to a proportion of s. If the ratio of neighbors with different political identities 
is larger than this threshold s, they tend to move to a close place which their tolerance 
capacity can handle. This migration process will be iterated until it converges to a fixed 
configuration. We then use the resultant configuration to represent the geographical dis-
tribution of residents with different political identities. 

Apart from the tolerance capacity, an additional parameter of Schelling’s segrega-
tion model is the demographical structure characterized by the percentage of agents of 
various political identities. Denote them by vj (j = 1, 2, ..., m). 

#( )
,  1, 2, ..., ,j

j

V
v j m

N
      (6) 

where N is the total number of agents. 
Fig. 3 demonstrates a geographical distribution of political identities. In this specific 

example, there are a total of 13,454 agents, distributed on a checkerboard with 193 × 193 
grids, i.e., with a population density of 36.12%, and m = 3 (three candidates or three po-
litical parties): v1 = 51.63%, v2 = 45.63%, and v3 = 2.77%. Agents having one of the 
three political identities are denoted by the blue (j = 1), green (j = 2), and the orange col-
or (j = 3), respectively.5 What is demonstrated in Fig. 3 is, therefore, two of the con-
verged configurations of agents who followed the Schelling rule of migration. The one 
on the left is the one corresponding to a tolerance capacity of 0.25, and the one on the 
right is the one corresponding to a tolerance capacity of 0.75. 

 

    
                         s = 0.25                  s = 0.75 

Note: Both panels are the converged configurations using v1 = 45.63% (green), v2 = 51.63% (blue), v3 = 2.77% 
(orange), N = 13,454, and G (number of grids) = 193 × 193. The black grids denote the unoccupied cells, and 
the colored grids denote the occupied cells. The number of occupied cells and the number of unoccupied cells 
are determined in a way such that the resultant population density is close to 36% (see Table 1). The two pan-
els differ in terms of the tolerance capacity: on the left, s = 0.25, and, on the right, s = 0.75. 

Fig. 3. Geographical distribution of voters and their political identity. 

                                                 
5

 These parameter values are based on the 2012 Presidential Election in Taiwan. Based on the 2012 Presidential 
election outcome, the KMT candidate (colored in blue) won a share of 51.60% of the votes, the DPP candi-
date (colored in green) won a share of 45.63%, and the PFP candidate (colored in orange) won a share of 
2.77%. 
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Clearly, as one can imagine, if the tolerance capacity is generally low, then by the 
Schelling migration process, the society tends to segregate into remarkably large clusters, 
i.e., not just on the scale of a local community, but even on the scale of a village or a 
county in which a great majority of residents tend to have the same political identity. On 
the other hand, if the tolerance capacity is generally high, then it will be less easy to lo-
cate a sizable area with an overwhelmingly dominating political identity, of course, after 
the weights vj (j = 1, 2, …, m) have been properly taken into account. 

This description corresponds well to the two tolerance capacities of Fig. 3. The right 
panel, corresponding to s = 0.75, clearly has a highly integrated society in which the blue 
and the green are well mixed in every corner. However, the left panel, corresponding to s 
= 0.25 shows that emergence of many blue ‘clusters’ and green ‘clusters’. The two pan-
els are, therefore, in sharp contrast to each other. To see this contrast better, we zoom in 
to focus on specific areas of the map, and depict them in the lower left and lower right 
panels of the figure. The geographic distribution of the agents with different political 
identities then dictates how information is distributed spatially. Hence, the question con-
cerning us is: Given such widely and unevenly distributed information, how well can the 
market actually aggregate them. This is the main concern of the Hayek hypothesis. 

 
2.3 Social Network 

 
While each agent is physically constrained to a limited geographical space, the agents’ 

mobility is not necessary limited to this narrowly-defined neighborhood. Depending on 
their sociability, they may reach a set of agents which is larger than just their ‘neighbors’. 
This is the place where the social network can come into play. Therefore, the third main 
stay of the model is to add a social network on the top of the Schelling segregation model. 

Embedding a general social network within a physical network so as to observe the 
interplay of physical and social space on human behavior involves research which can be 
dated back to the late 1990s. The Schelling-Axelrod model of culture is one of the pio-
neering studies [14, 15]. Since the late 1990s, various social network topologies have 
been proposed and studied by computer scientists and physicists, which actually enable 
us to see the significance of topological characteristics to information flow and to vari-
ous social and economic performances [16]. 

     

r = 2                     r = 5 

Agent i Agent i

 
Note: The above figures shows the von Neumann neighborhood of agent i, as pointed by an arrow. The left 
panel is a neighborhood with a radius of 2, whereas the right panel is a neighborhood with a radius of 5. 

Fig. 4. The von Neumann neighborhood with a radius of 2 (left) and 5 (right).  
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Fig. 5. Display of the NetLogo program. 

A social network can be introduced to the Schelling segregation model in many ar-
bitrary ways. Nonetheless, for us, a more sensible way to do it is to leave agents to de-
cide on the size of the social network by themselves based on their own characteristics. 
An intuitive way to implement this idea is to assume that different agents have different 
exploration capacities, which then determines the size of the network which they attempt 
to reach and maintain. Accordingly, we assume that, for each agent, his set of connecting 
agents is determined by a von Neumann neighborhood with a given radius (r). The radi-
us, r, can be interpreted as the information exploration capacity of the agent. The larger 
the radius, the larger the sample is, and hence the less biased and the better the estima-
tion. This is shown in Fig. 4. 

Fig. 4 shows the social network of two agents who differ in terms of their explora-
tion capacity. The agent with the smaller exploration capacity (r = 2), shown in the left 
panel, only has a near ‘sight’ of his neighbors (agents in the gray area), and, in this case, 
all the agents reached by him/her happen to be the same (green). The agent with the 
larger exploration capacity (r = 5), shown in the right panel, has a far ‘sight’ of his 
neighbors; hence, in addition to the green neighbors, he/she is also able to have a non- 
negligible sample of blue agents. If both agents use Eq. (3) to estimate the vote share for 
each candidate, then clearly the agent with the smaller radius may tend to have a larger 
bias than the one with the larger radius. This difference matters because, unlike Chie and 
Chen [2], in this article, agents are heterogeneous with respect to this capacity. 
 
2.4 Programming with NetLogo 

 
The above-mentioned spatial agent-based prediction market is programmed with 

NetLogo 5.1.0 and is available from the OpenABM website.6 Fig. 5 shows a familiar 
NetLogo display of running this program. 

 

A 

C 

B 

D 

 

                                                 
6
 http://www.openabm.org/model/3764/ 
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In Fig. 5, the upper left panel (panel A) gives the user-supplied control parameters: 
N = 13,454, v1 = 40.55% (green), v2 = 51.60% (blue), v3 =7.85% (orange), s = 0.50 (si ~U 
[0.26, 075]) and r = 4 (ri ~ U [2, 6]). The diagram shown in the right middle panel (panel 
B) is the converged configuration using the Schelling rule with s = 0.5. With a mean ra-
dius of 4, we can have the price expectations (reservation prices) of all three futures for 
all agents, i.e., bi,j (i = 1, ..., 13454, and j = 1, 2, 3). What is shown in the right upper 
panel (panel C) of the figure are the three histograms of the reservation prices corre-
sponding to the green, blue and orange parties, respectively. The basic statistics, includ-
ing the mean, the median and the standard deviation, are shown at the very bottom of the 
figure (panel D). There we can see that the mean and median for the green candidate is 
0.4335 and 0.4337, which reflects a three-point (3%) upward bias away from the true 
value of 0.4055. In addition, for the blue candidate, these two statistics are 0.5092 and 
0.5116, reflecting a downward bias away from the true value of 0.5160 of less than one 
point. Maybe the worst case is the market for the orange candidate. The two correspond-
ing statistics are 0.1294 and 0.1247, almost two times larger than the true value of 
0.0785. Our research question is then to what extent this specific network topology may 
affect the accuracy of the prediction market or the political futures market in our case. 

From the histogram, we can further derive the aggregate willingness to buy (for 
those whose reservation price is less than the market price) 

 

,( ) #{ : },D
j i jQ p i b p      (7) 

and the aggregate willingness to sell (for those whose reservation price is greater than the 
market price) 

,( ) #{ : },S
j i jQ p i b p      (8) 

 
i.e., the demand curve ( D

jQ ) and the supply curve ( S
jQ ). The demand and supply curves 

of the three markets are shown in the lower middle and right panel (panel D). Then 
through the random draws of the agents and their reservation prices, the order book for 
each market is formed, and the corresponding transaction price is generated as the time 
series shown in the lower left panel (panel D) of the figure. 

3. EXPERIMENTAL DESIGN 

3.1 Number of Agents and Density 
 
The setting of other parameters is basically the same as in Chie and Chen [2]. First, 

the number of agents and the population density are set in such a way that they, to some 
extent, can mimic the Taiwan demographic structure, after a proper scaling-down ad-
justment. The details are as follows. 

According to the 2010 demographic census data in Taiwan, there were 7,414,327 
households. By first scaling down the number of households by a factor of 1,000, we 
have a total of 7,414 households. We then assume that the space required for each house- 
hold has a size of 5 grids. This assumption is based on the consideration that, for 93% of 
the households in Taiwan, the number of members has a maximum size of five, and the 
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average number of members in each household is only 3.7 Hence, the size of five grids 
per household and a total of 37,070 (5 × 7,414) grids approximately give a reasonable 
space required for accommodating 7,414 households, being neither too tight nor too spa-
cious. This setting roughly allows for a space of 1.66 grids per agent; the distance be-
tween two agents, in terms of social interactions, is frequently just one to two ‘clicks’ away. 
The space of 37,070 grids can be approximated by a rectangular space of 193 × 193 (= 
37,249) grids. As far as the election event is concerned, the social interactions among 
them can be further restricted to voters only. The number of voters in the Taiwan 2012 
Presidential election was 13,454,016. By scaling down this number equally by a factor of 
1,000, we have a size of 13,454 agents. Hence, these 13,454 agents distributed in the rec- 
tangular space of 37,249 grids leads to a population density of 36.12% (=13,454/37,249). 

 
3.2 The Tolerance and Exploration Capacities 

 
Second, it is about the two capacities of each voter, i.e., r and s. The setting of these 

two parameters is similar to that of Chie and Chen [2] except that each agent now has its 
own s (tolerance capacity) and r (exploration capacity), which are randomly determined 
from a uniform distribution U[0.26, 0.75] (with an increment of 0.01) and U[2, 6] (with 
an increment of 1). This heterogeneous design, therefore, has certainty equivalence to the 
homogenous case with s = 0.50 and r = 4. The settings of these two parameters are based 
on the following considerations. 

The choice of the uniform distribution is motivated by its maximum entropy. Since 
the purpose of this study is to address the effect of the heterogeneity of agents on the 
accuracy of the prediction market, it will be useful to examine the case with the maxi-
mum degree of heterogeneity. Therefore, the uniform distribution is chosen for that pur-
pose. 

Table 1. Experimental parameters. 
Parameter Description Value 

N Number of agents 13,454 
d Population density 36.12% 
G Grid size 193 × 193 
s Heterogeneous containing capacity U[0.26, 0.75] 
r Heterogeneous radius U[2, 6] 
m Number of candidates 3 
v1 Vote share of the Green candidate [0.18, 0.47] 
v2 Vote share of the Blue candidate 1 − v1 − 0.03 
v3 Vote share of the Orange candidate 0.03 
R Simulation runs 50 

As to the ranges of the two uniform distributions, they are determined as follows. 
The tolerance capacity (s) is chosen between 0.26 and 0.75 for the convergence of the 
Schelling segregation dynamics. It is known that if the tolerance capacity is too low, it 

                                                 
7 The official statistics (in Chinese) can be found at http://www.dgbas.gov.tw/public/ Attachment/111171361-  

171.pdf, p. 28, Table 23. 
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will become difficult for the model to converge. Therefore, we set 0.26 as the minimum, 
and, to be symmetric around 0.5, set 0.75 as the maximum. 

The exploration capacity has a range from 2 to 6. This number determines the maxi- 
mum number of neighbors that can reached by the agent. In terms of the von Neumann 
neighborhood, this number is 12 when r = 2, then increases to 28 (r = 3), 48 (r = 4), 80 (r 
= 5), 112 (r = 6), and 148 (r = 7). According to the social brain hypothesis [17, 18], hu-
mans’ brain are capable of managing a maximum of just 150 friendships. By considering 
that social relations are not all political and not all friends are politically-oriented, we do 
not push the r to the maximum to 7, but stop at 6. The remaining capacity can, for exam-
ple, be reserved for the social relations with people who are not much involved in elec-
tions, including non-qualified voters. 

The two capacities introduced in Chie and Chen [2] may have good correspondence 
to some of the personality characteristics studied in psychology. The tolerance capacity 
seems to be related to a person’s agreeableness, whereas the exploration capacity is a 
manifestation of a person’s extraverted personality.8 Of course, we understand that this 
correspondence may not be exact and should be rather suggestive. Nonetheless, it at least 
indicates the possibility that one can incorporate agents with different personalities into 
models of artificial agents and examine the effects of possible composition on the emer-
gent aggregate outcomes, in our case, the performance of prediction markets. In addition, 
while Hayek did have a celebrated devotion to psychology [20], psychology plays almost 
no role, at least explicitly, in his 1945 magnum opus. Therefore, it remains of interest to 
know whether one should read between the lines to see if such connection may exist. 

With this randomization of agents’ capacities, we now have a society of heteroge-
neous agents with different degree of agreeableness (s) and extraversion (r), in addition 
to their political identifications. The simulation to be presented below is, therefore, a 
response to the formal inquiry into the role of these two personality characteristics in 
appraising the wisdom of crowds in the form of prediction markets. 

 
3.3 Three-Party Politics 

 
Third, it is about the number of political parties and candidates. Again, to mimic 

Taiwan’s political reality, we consider an election involving three parties, two major 
ones (Green and Blue) accompanied by one marginal one (Orange). The size of the party 
is characterized by the actual share of the vote for each candidate, 

3
1{ }i iv  . The vote share 

of the small party (the Orange Party), denoted by v3, is fixed at 3%. The rest of the vote 
shares are determined as follows: 

 
{v1, v2} = {v1, 1 – v1 – 0.03}, v1 = 0.18, 0.19, …, 0.47, 

                                                 
8 This correspondence can be justified as follows. Agreeableness is the degree to which a person needs pleasant 

and harmonious relations with others. Its manifestation facets include trust, straightforwardness, altruism, 
compliance, modesty, and tender-mindedness [19]. Therefore, it is assumed that agents with high agreeable-
ness may find it easier to accommodate people with different political identifications, and hence have a higher 
tolerance capacity. Extraversion is the degree to which a person needs attention and social interaction. Its 
manifestation facets include warmth, gregariousness, assertiveness, activity, excitement, seeking, and positive 
emotions [19]. Hence, an agent with a higher degree of extraversion tends to have a greater ability to explore 
around and mingle with a larger number of neighbors. Therefore, it goes well with exploration capacity. 
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where v1 is the vote share attributed to the Green Party, whereas v2 is the one attributed 
to the Blue Party. We let v1 to increase from 0.18 to 0.47 with an increment of 0.01. 
Hence, there are a total of 30 designs, and each is distinguished by a specific set of votes. 
We then generate 1,000 random samples from these 30 designs (on average, each design 
will be sampled 30 times).  

Finally, for each sampled design, we have 50 runs, and each run is distinguish by a 
set of agents characterized by different values of s and r and political identities. To sum 
up, we have a total of 50,000 (1,000 × 50) runs. 

4. SIMULATION RESULTS 

The simulation results are organized into three parts. The first part concerns the 
forecasting accuracy of the prediction market. Since we have 30 designs ranging from 
very low vote shares (highly improbable events), such as v3 = 0.03, to very high vote 
shares (highly probable events), such as v1 = 0.79, we shall then first examine how the 
prediction market performs with respect to such a large variety of events (Section 4.1).9 
The second part concerns the forecasting accuracy comparison between the case where 
the two capacities of agents are heterogeneous and the case where they are homogeneous. 
In other words, we compare the performance of the heterogeneous design with that of the 
homogeneous design or the certainty-equivalent design (Section 4.2). The last part con-
cerns the influence of the two capacities on individual earning performance (Section 4.3) 
and income distribution (Section 4.4). 

To begin with, let us first make a note of the statistics to be employed below. Basi-
cally, statistics are the average taken over 50 runs. For the mean price, we first take the 
average of the price series for each run (Eq. (10)), and take the average of the average 
over these 50 runs (Eq. (9)). 
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and Tj,l are the transaction times of the futures j for the lth run. 

 
4.1 Favorite-Longshot Bias 

 
Fig. 6 first shows the forecasts made by the prediction market under different vote 

shares, called the price line (the red line). To see how well the forecast has been made, 
we also draw the 45-degree line (the blue line) as a reference. If the price line overlaps 
the 45-degree line entirely, then the prediction market has successfully forecast the vote 
share won by the candidate at each vote share. This is, however, not the case, as we have  

                                                 
9 For the general performance of the prediction markets, the interested reader is referred to [22, 23]. 
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Note: The three lines above shows the correspondence between the true price (the actual vote share), on the x- 
axis, and the predicted price (the red line), the true price (the 45-degree blue line), and the reservation price (the 
green line) on the y-axis. The predicted price and the reservation price refer to the mean of the distribution. The 
means shown here are the average taken over all 50 runs. The line is drawn by using three segments: 3% is from 
Orange Party, followed by 18% to 47% from the Green Party, and 50% to 79% from the Blue Party. The rest of 
the segments are either absent or involve the use of interpolation. 

Fig. 6. Favorite-longshot bias.  
 

seen in Fig. 6. The two lines, the price line and the 45-degree line, intersect at 39%. Then 
there are positive deviations (overestimates) when the vote share is lower than 39% and 
negative deviations (underestimates) when vote share is higher than 39%, a typical result 
known as the favorite-longshot bias [21], to which we now turn. 

The favorite-longshot bias is a phenomenon which was first found in the pari-mu- 
tuel markets, such as the horse racing market.10 In pari-mutuel markets, the chances of 
uncertain events can be roughly characterized by short odds or long odds. Short odds, 
also known as favorites, refer to the bets on which the gambler will only receive a small 
return for his/her ‘investment’, which indicates that the chances of the betting events are 
good, whereas long odds, also known as longshots, refer to the bets on which the gam-
bler will receive a good return on his/her ‘investment’, which indicates that the chances 
of the betting events are poor. 

The first evidence on the favorite-longshot bias is documented in Griffith [24], 
which shows that horses with short odds yield on average higher returns than horses with 
long odds. This implies that, on average, compared to the empirical probabilities derived 
from real outcomes, the pari-mutuel market overpredicts the probabilities of long odds 
(longshots) and underpredicts the probabilities of short odds (favorites). If we plot the 
actual probabilities obtained from real outcomes on the x-axis and the market probabili-
ties obtained from market prices on the y-axis, and also plot the 45-degree line as a ref-
erence, then the favorite-longshot bias implies that at the left end of the line, characteriz-
ing longshots, the market probabilities are greater than the empirical probabilities, but at 
the right end of the line, characterizing favorites, the market probabilities are smaller 
than the empirical probabilities. In other words, the slope of the market price line is less 
than 45 degrees. As shown in Fig. 6, by moving from left to right, the market price line 
crosses over the 45-degree line. 

                                                 
10 In the pari-mutuel market, each gambler attributes a fund to a pool to participate in a bet on the outcome of 

an uncertain event, and the pool of funds will be distributed among all gamblers based on the outcome of the 
game. 
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Since Griffith [24], evidence of the favorite-longshot bias has accumulated in sport 
and betting markets and over different countries [25]. It is considered to be a very robust 
empirical finding in sport and betting markets [26, 27]. The pursuit for an understanding 
of its causes has drawn significant attention among economists due to its relation to the 
efficient markets hypothesis and even to the Hayek hypothesis [28]. Ottaviani and Søren- 
sen [29], in their survey article, summarize seven possible explanations for the favor-
ite-longshot bias. Among the seven, the one which is most close related to our study is 
the explanation proposed by Ali [30], which is an explanation based on the heterogene-
ous agents. A different version of the heterogeneous-agent approach focusing more on 
transaction and information costs was taken by [28].11 One commonality of these heter-
ogeneous-agent approaches is the use of the device of informed traders and uninformed 
traders. After a proper translation, this is essentially the same as our heterogeneous 
agents characterized by different tolerance capacities and exploration capacities. Hence, 
our finding can be considered to be that of the first simulation study which lends support 
to the heterogeneous-agent explanation for the favorite-longshot bias. 

To show that the appearance of this bias is indeed very fundamental and is not 
caused by the sampling error, in Fig. 6, we also show the reservation price, as defined in 
Eq. (3) and exemplified in Fig. 5 (Panel C), by the green line. Now, we can see that this 
green line has a perfect overlap with the blue line. Therefore, the information distributed 
among the agents has a correct representation of the true price in the mean; the market, 
however, fails to aggregate this information, particularly for those highly likely or un-
likely events. 

 
4.2 Heterogeneous vs. Homogeneous Designs 

 
To see whether the prediction market composed of agents with a larger degree of 

heterogeneity can perform better than the market composed of homogeneous agents, Fig. 
7 (the left panel) shows the price line coming out of the market with a homogeneous de-
sign (the green line) and, as a contrast, adds the red line which we have seen in Figs. 6 
and 7 (the left panel). We can see that the favorite-longshot bias appears again with the 
green line (the homogeneous design), but it seems to be even a little outward-oriented as 
opposed to the red line (the heterogeneous design).  

To make their relative positions easier to see, in the right panel of Fig. 7, we show 
the percentage of the change in the vertical distance between the 45-degree line and the 
red line (the heterogeneous design) as opposed to that of the green line (the homogene-
ous design), i.e., the improvement rate in the vote share prediction error. The reduction 
rate beings at around 20% from both the left end (longshots) and the right end (favorites) 
and remains there for a long range until the vote share moves closer to the crossing point 
of these lines, i.e., around 40%. There we can see that the percentage of improvement 
fluctuates quite substantially from a maximum of 70% at v = 39% to a minimum of 
10% at v = 42%. In this crossing zone, both designs can have a quite good prediction of 
the actual vote share (the error rate is very low); hence given the small magnitude of the 
denominator, the improvement rate is naturally sensitive to a small change in the magni-

                                                 
11 Ottaviani and Sørensen [31] also provide an explanation for the favorite-longshot bias based on the hetero-

geneous beliefs of traders. 



BIN-TZONG CHIE AND SHU-HENG CHEN 

 

16

 

tude of the numerator. To sum up, the improvement rate is positive 93% of the time with 
a mean of 24.50% and a median of 20.72%. Nevertheless, the advantage of the hetero-
geneous design over the homogenous design is not statistically significant. In our case, 
since the uniform distribution has been applied to determine the agents’ personality traits, 
the degree of heterogeneity is at its maximum. Therefore, this shows that the favor-
ite-longshot bias is not very sensitive to the change in the degree of heterogeneity. Alt-
hough a large degree of heterogeneity can improve the favorite-longshot bias, it can not 
do so to a degree to make it disappear. 
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Note: The left panel of the figure shows the predicted vote share (on the y-axis) along with the actual vote share 
(on the x-axis) under the homogeneous design (the green line) and under the heterogeneous design (the red line). 
To better observe the prediction accuracy, the 45-degree line (the blue dotted line) is also draw as a reference. 
The right panel then gives the percentage of the change in the error rate when the homogeneous design is re-
placed with the heterogeneous design. 

Fig. 7. Favorite-longshot bias under homogeneous and heterogeneous capacities. 

4.3 Individual Traits and Earning Performance 
 
While the great heterogeneity of agents may not significantly beef up the market 

performance, it is interesting to see whether it has significance effects on individuals. 
Specifically, from a labor economics viewpoint, we are interested in knowing the role 
played by the two capacities, s and r, in the earning equation, i.e.,  

.i s i r i is r         (11) 

Regression (11) basically asks what is the expected trading profit of agent i condi-
tional on his two capacities, s and r. To estimate (11), we generate a society of 13,454 
agents and randomly determine their s and r using the distributions given in Table 1, i.e., 
a triple {i, si, ri} (i = 1, 2, ..., 13454). This population of agents then trades in each of the 
30 prediction markets (the 30 designs). In each market, their two capacities are fixed, but 
their political identity is randomly determined to be consistent with the individual design. 
With the given capacities and given political identities, we then run the same market 
(same design) for 50 times (50 different political configurations). We then observe their 
trading profit accumulated over these 30 designs and over these 50 runs, and the quadru-
ple is {i, si, ri, πi}, where πi is the accumulated profit. The regression (11) is then based 
on these 13,454 observations, which is large enough to allow us to have a good estima-
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tion of the general influence of si and ri after leaving out the possible influence of politi-
cal party (being smart party member or large party member) and location. The result is 
shown in Eq. (12). 

.86.0.87.186.090.7 2

)0644.0()0066.0()0437.0(
 Rrs iiii   (12) 

As usual, the numbers shown inside the parentheses are the standard errors of the corre-
sponding estimates. 

After controlling for some unnecessary complications (location and party), we can 
see that the earnings equation is essentially determined by the two capacities with an 

2R  

(the adjusted coefficient of determination) of 0.86. In other words, 86% of the variation 
in trading profits can be explained by these two capacities. From Eq. (12), if we divide 
the estimate by its standard error, then we can have the t value, which is 284.6 for r and 
13.39 for s. Obviously, both capacities are statistically significant, which suggests that ag- 
ents with a higher tolerance capacity (agreeableness) and exploration capacity (extraver-
sion) tend to have a higher earnings capacity when they engage in the prediction market. 

Despite their statistical significance, in terms of the magnitudes of the two coeffi-
cients, Eq. (12) shows that the exploration capacity has a stronger effect on earnings than 
the tolerance capacity. This can be seen from the multiplication of the range of the pa-
rameter, r and s, and the respective estimates, 1.87 or 0.86. For r, the result is 7.48 (4 × 
1.87), whereas for s, the result is 0.43 (0.5 × 0.86). The reason why the tolerance capaci-
ty has a mild effect is because, based on the Schelling migration process, it can only af-
fect the choice of the neighbors in the physical space (r = 1), but not the social space (r > 
1). When agents are heterogeneous in terms of their tolerance capacity, it will be harder 
to have a large cluster of agents with an identical political identity. Hence, an agent with 
a small s but a large r can still obtain access to a great diversity of agents that will make him/ 
her become an informed trader. On the other hand, an agent with a large s may still be trap- 
ped in a small cluster; in this case, he/she can become uninformative if his/her r is small.  

Fig. 8 gives the predicted accumulated profit, i.e., 
 

 
Note: The predicted profit is shown on the x-axis, and the actual profit is shown on the y-axis. The blue line in 
the middle is the 45-degree line. The profit earned by the agents is clearly segregated into five clusters, each 
corresponding to one of the five exploration capacities (r = 2, 3, 4, 5, or 6). The mean of a cluster has a tenden-
cy to move upward with r. 

Fig. 8. Actual profit and predicted profit. 



BIN-TZONG CHIE AND SHU-HENG CHEN 

 

18

 

iii rs 87.186.090.7ˆ   (13) 

on the x-axis and the actual accumulated profit, πi on the y-axis. We can see that there are 
a large number of observations above or below ̂  (the 45-degree line). These unfitted 
observations (the red points not on the 45-degree line) are expected since the operation 
of the double auction market has its own stochasticity and agents, by design, are zero- 
intelligent, indicating that some of their behavior is random.  

Using Eq. (13), we can compare the earnings of the agents at the two extremes: one 
with r = 2, s = 0.26 and one with r = 6, s = 0.75. By Eq. (13), the former have an accu-
mulated profit of 3.94, whereas the latter have an accumulated profit of 3.97. They are 
almost as symmetric as a pair of players in a zero-sum game. In finance, the former will 
be considered to be uninformed traders, and the latter will be considered to be informed 
traders. In our case, the former are the least informed traders, and the latter are the most 
informed traders. However, we provide a reason why the uninformed are uninformed 
and the informed are informed from a psychological perspective. Those agents who are 
the most uninformed and hence the poorest are so because they have an extremely low 
tolerance capacity (agreeableness) and a low exploration capacity (extraversion).  

 
4.4 Income Distribution 
 

In addition to knowing the effects of s and r on individual earnings, it will be also 
interesting to see their global impact on the society in terms of income distribution. As 
we mentioned earlier, the prediction market is a kind of financial market. The general 
issue that concerns economists is how investments made in these financial markets con-
tribute to income inequality. Our simulation results may shed light on this issue. 

To do this, we draw the Lorenz curve in Fig. 9 and also present the Gini coefficients 
for comparison purposes.12 To see how the heterogeneity in the two capacities can con-
tribute to the income inequality observed in the population of agents, the Lorenz curves 
are also draw separately, one being conditional on s only, and one being conditional on r 
only. 

First of all, among the three coefficients, the Gini coefficient reaches its highest 
level when we restrict the heterogeneity of agents to their exploration capacity (r). The 
r-Lorenz curve (the purple one) tells us that this is so because the lowest 20% of the 
population, i.e., the agents with an r of 0.2, has a share of 0% of the total income. In fact, 
their income is negative.13 Notice that the agents in this group also differ in their toler-
ance capacities, with some featuring a large s, but, as Fig. 8 indicates, the negative effect 
caused by the low exploration capacity is so high that even after taking into account oth-
er advantages of the agents, such as their tolerance capacity and local diversity, their 
income is still negative (this can be seen in that no single point in the leftmost cluster in 
Fig. 8 has a positive earning). 

12 The x-axis of the Lorenz curve refers to the poorest x percent of the population, and the y-axis refers to y 
percent of the national income. Together, any single point (x, y) on the Lorenz curve indicates that the poor-
est x of the population shares y percent of the national income. If income is distributed equally among the 
whole population, then the Lorenz curve is a 45-degree line. On the other hand, any deviation from perfect 
income equality will cause the Lorenz curve to be convex, and the degree of convexity shows how unequal 
income is distributed among the population. Alternatively, it can also be measured by the Gini index, which 
indicates the percentage of the area between the 45-degree line and the Lorenz curve relative to the entire 
triangular area defined by the origin, (1,0) and (1,1). Obviously, this index is between 0 and 1; the higher the 
Gini index, the higher the degree of inequality. 

13 Hence, a proper transformation has been made before the usual Lorenz curve can be applied. 
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Fig. 9. Income distribution. 

 

Second, compared to the exploration capacity, the effect of the tolerance capacity 
on income distribution is much milder. Its corresponding Lorenz curve, the s-Lorenz 
curve (the green one), has a Gini coefficient that is as low as 0.23, which is lower than 
the Gini coefficient of any human societies known to us.14 Third, the unconditional Lo-
renz curve (the blue one) gives an overall effect with a Gini coefficient of 0.20. Hence, 
generally speaking, the prediction market studied by us, with the assumption of the two- 
dimensional personality trait, does not cause a severe income distribution problem in 
light of the empirical data. Although the exploration capacity may have the potential to 
threaten equality, other factors can mitigate its effect quite substantially. To sum up, the 
general distinction between informed and uninformed traders, a subject well studied in 
finance, does not contribute substantially to the income distribution inequality in our 
prediction market. 

5. CONCLUDING REMARKS 

In this article, we simulate an agent-based prediction market to learn about the in-
formation aggregation through the market mechanism. Specifically, we examine the role 
of the heterogeneity of agents in this mechanism. At the macro level, we find that agents 
who are heterogeneous in the two capacities, tolerance capacity (agreeableness) and ex-
ploration capacity (extraversion), can make the mechanism perform better, while the 
observed improvement is rather limited. At the individual level, we find both of the ca-
pacities can contribute to the earning performance. 

For the latter, this is the first study showing that agents with different personality 
traits may have different trading performance. To what extent this finding is empirically 
relevant is an issue deserving further investigation through human-subject experiments 
or through empirical studies on the prediction market data. In fact, if personality traits 
have an effect on the earning performance, then by market selection it will be interesting 
to know whether the market participants of prediction markets, as a whole, generally 
have different personalities as opposed to non-market participants. In addition, the per-
sonality traits can have a determining role because in our model information becomes 
available only through personal contact and it is this assumption that makes the signifi-
cance of personality traits self-evident. In the current digital world, social media have 

14 Based on World Bank data, Romania in 2010 actually had a Gini index of 0.24, which is the one closest to ours. 
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formed various social networks by which personal contacts are less direct, which may 
also downplay the role of personality traits in obtaining information. Hence, whether the 
role of personality traits in the distribution of information among individuals can be fun-
damentally different from a physical network to a social network is a direction for further 
studies.15 

Although our agents are heterogeneous in the two capacities, they are all zero-in- 
telligent agents and they are all limited to one entrance to the market. The zero-intelli- 
gent agent has no memory and is not able to learn. This design can be inconsistent with 
the assumed personality, such as extraversion. Hence, in the future, trading behavior with 
various learning behaviors should also be considered to be part of personality. Chen [2] 
has associated different kinds of learning models with different cognitive capacities; in 
this light, different learning models associated with different personalities may also be 
considered in the future. In this case, our agents are not only heterogeneous in terms of 
personality, but heterogeneous in terms of learning behavior. We can initiate this line of 
research by first starting with different kinds of learning behavior, for example, by re-
placing zero-intelligence agents with reinforcement-learning learning agents as a starting 
point. 

Of course, learning can make sense if agents are allowed to enter the market re-
peatedly. It is, therefore, desirable to extend the current sampling scheme without re-
placement into the one with replacement. In the beginning, agents have an equal proba-
bility of being sampled; then in the future even this probability can vary with agents; 
hence, the trading aggressiveness of agents is also heterogeneous. With these aforemen-
tioned possible research directions, this paper can then be regarded as the first step to-
ward the understanding of the heterogeneities of agents and their role in information ag-
gregation. As a continuation of Hayek [1], in addition to the market as an information 
aggregation mechanism, we are also interested in the market as an aggregated personality, 
and it is through this aggregated personality that the information is aggregated. 
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