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Abstract

Decisions based on information spread among a group require mecha-
nisms to efficiently uncover and aggregate this information. One approach,
particularly effective with relatively small groups, is direct queries to the
individuals combined with some reward for correct answers. Since such
queries can be costly, we experimentally examine the tradeoff between the
accuracy of the aggregation and the number of individuals queried. We
compare the results to the behavior if all individuals were risk-neutral and
rational with respect to expected returns. In terms of providing enough
information to make correct decisions, we show queries to a few members
of the group can be sufficient, even if selected randomly. We also show in-
dividual performance in information markets does not correlate well with
ability to improve query results, and hence does not give a criterion to
select particularly informative subgroups.

1 Introduction

Building on the observation that competition acts as a decentralized discovery
process [10], information markets can aggregate information distributed among
many people [9]. Existing instances, such as those predicting election out-
comes [2], movie revenues!, and technological progress?, illustrate the potential
for information markets [17]. Laboratory studies provide additional examples,
under more controlled conditions, to identify their behaviors with fewer partic-
ipants [8, 16, 18, 19].

Information markets could be useful in two situations. In the first, a crowd
could contain a few experts. In this case, the market provides incentives for these
experts to reveal their information through potentially rewarding trades. The
second situation, which we focus on in this paper, consists of diffuse information
in which each person has relatively little information but the group as a whole
has a great deal. In this case, the market can provide not only an incentive to
participate, but also a method to aggregate the information through determining
the market equilibrium price.

1The Hollywood exchange at http://www.hsx.com.
2The Foresight exchange at http://www.ideosphere.com.



In the case of diffuse information, where participants have roughly the same
information, they can nevertheless differ in their ability to exploit that infor-
mation, risk preferences, trading skill, etc. This diversity can be especially
important for small markets, as may appear for very specialized questions or
when such markets are used entirely within an organization (e.g., to estimate
future sales). In particular, experiments show markets do not work well as an
information aggregation mechanism with small groups, with problems such as
illiquidity [23], manipulation [7, 15] and lack of equilibrium [1].

For small groups, direct queries to its members provide better predictions
than the market itself [3]. Moreover, such queries can address related questions,
not directly appearing in the underlying information market, thereby avoiding
the overhead of creating additional tradeable goods for these new questions.
However, unlike the passive observation of market prices, direct queries could be
expensive (e.g., if people require payments to participate), or introduce incentive
issues in which participants are reluctant to reveal their information (e.g., due
to privacy concerns). To minimize this expense, in this paper we experimentally
examine the extent to which queries to a subset of the groups can suffice.

Experiments allow precisely controlling the information available to partici-
pants and hence specific evaluation of deviations in behavior from that predicted
by utility theory [14, 24]. More generally, experiments allow evaluating the ac-
tual performance of various economic mechanisms [4, 20, 22].

In the remainder of this paper we first describe the experiments, and then
measures to evaluate the performance of subgroups of the participants. We
then present the experimental results and compare them to risk-neutral rational
(“ideal”) behavior. We conclude with a discussion of their implications for
designing information aggregation mechanisms for relatively small groups.

2 Experimental Setup

A previous set of economic experiments compared an information market to
direct queries to the participants [3]. This paper presents a further analysis of
these experiments, namely the behavior of queries to subsets of the participants.

In these experiments, participants attempted to identify one item from among
T = 10 possibilities, based on information given to them. The number of partic-
ipants, N, in the experiments ranged from 8 to 13. Each experiment consisted
of two stages, using distinct information aggregation mechanisms: markets and
direct queries.

Each stage consisted of a number of periods. In each period, one of the T’
items was randomly selected as the correct one to be identified. The information
available to each participant was generated from a list of the items with C' = 2
additional copies of the correct one, for a total of T'+ C items in the list. Each
participant was given a certain number of values drawn uniformly at random
from this list, with replacement. Participants were told the values of T" and C,
thus they knew each draw had probability (C' + 1)/(C + T') to be the correct
item.



The first stage aggregated information through markets in which participants
traded securities representing the items. At the end of each period, the security
corresponding to the correct item paid a prespecified amount, and the others
paid nothing. During each period, the securities were traded in a double sided
call market. With a large number of participants, the equilibrium price for a
security in such markets should reflect the likelihood its corresponding item is
the correct one.

In the second stage, participants were queried about the likelihood that each
possible item was in fact the correct one. Specifically, they were asked to divide
100 tickets into 10 buckets, one for each item. They were paid according to an
increasing linear function of log(p) where p is the fraction of tickets they placed
for the correct item. This payoff functional form induces a risk neutral expected
utility maximizer to reveal his beliefs [3], which in this case is the probability
distribution. Participants did not communicate with each other so their reports
reflect only their own information.

Five experiments were conducted with varying concentrations of information.
There were three treatments: all participants having the same amount (i.e., an
equal number of draws), some having more than others and some having random
amount of information (number of draws was random). This choice was the
same in both stages of each experiment, i.e., a participant had the same process
determining the number of draws for the market and the query states, whether
that is random or fixed.

Participants can use their available information to estimate the probability
distribution of the correct choice, i.e., for each item s the probability that item
is the correct one. In the market, they use this estimate of payoffs for the items
and make trades based on how their estimate compares with the current price.
When queried directly, they report their estimated distribution, i.e., for each
item s, they report a probability ¢, such that }° ¢, = 1.

3 Evaluating Behavior

Previous work compared the results of the market to direct queries adjusted
for risk preferences revealed by the market [3]. We now consider the behavior
of queries directed at groups consisting of only some of the participants. Such
subgroups will not have as much information as the full set of participants so
will give lower performance.

To evaluate these mechanisms, suppose the observations in a group are avail-
able to all members and they estimate the probability distribution based on
Bayes’ theorem. Specifically, for a list of neps observations O, let ns; be the
number of times item s is seen. Then the estimate for the probability item s is

the correct one is
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with the overall constant of proportionality ensuring the probabilities sum to




one.

If the information market perfectly aggregates the information available to
the participants and they are risk-neutral, the market prices should reflect this
optimal distribution. Similarly, if a subgroup of the participants is queried, the
best result would match this distribution for the observations available to that
group.

A common criterion for the difference between two distributions {ps|s =
1,...,T} and {gs} is the Kullback-Leibler divergence measure [12], or relative
entropy, on distributions

KL(p,q) = zs:ps log (%) (2)

This measure is not symmetric, so not a true distance, but is nonnegative, and
zero only if the distributions are identical. Furthermore, the Kullback-Leibler
measure based on two independent events is the sum of the measure based on
each individual event. Thus, it provides a convenient way, namely by the use of
averages, to summarize results of a multiple period experiment.

As a practical matter, information markets or queries are meant to provide
information for some decision. Thus in addition to measuring how close to
optimal the reported distributions are, we can also consider the likelihood they
are sufficient for the correct decision. We specificly consider the case of selecting
the correct item. That is, we suppose the groups inform a decision-maker, who
receives a payoff for selecting the correct item. In addition, we suppose the
decision-maker selects the item with the highest estimated probability. We
also suppose group queries incur a cost proportional to the size of the group
queried. With this tradeoff, the expected performance of the decision-maker
may be largest with a smaller group, even though a larger group would provide
somewhat more accurate estimates of the optimal distribution.

3.1 Rational, Risk-Neutral Behavior

For comparison with the experiments, we evaluate the distributions that would
be reported by the average and best subgroup of various sizes, assuming rational
and risk-neutral behavior.

Specifically, we exhaustively consider all (JZ ) groups G C {1,...,N} of k
participants. Using the actual observations provided to the group members in
each period of the experiment, we evaluate the rational belief of the distribution
p@ of the items for each individual 4 in the group by the use of Eq. (1). We
then aggregate the individual distributions to produce an overall distribution
for the group, assuming accurate reporting, i.e.,

P o [T p87 (3)
i€G

This aggregation is equivalent to that from Eq. (1) using the combined observa-
tions of all members of the group. To quantify the performance of the group G,



we average K L(p°Ptimal 5(G)) gver all periods, where p°Ptimal is the distribution
from Eq. (1) using all observations for all participants, not just those in the
group G. With this procedure, we obtain a performance measure for the group.
We then record the average and best performance over all the groups of size k.

An experiment with N participants has 2V — 1 nonempty groups. Thus
this procedure is computationally intensive for experiments with many partici-
pants. On the other hand, by using the actual observations in the experiment,
it provides a direct measure of the expected behavior for the groups under the
assumptions of rationality and risk-neutrality. In particular, it allows compar-
ing the best and typical group performances when differences are only due to
the quality of information available to different groups.

This procedure allows us to quantify the impact of increasing the amount of
information by increasing group sizes. However, it does not take into account of
participant behavior. Even with the same information, some subjects may be
processing their information better than others. Thus, there may be a stronger
reason to choose one subgroup over another.

We have also calculated the performance measure using a nonlinear aggre-
gation [3] of the reports from the members of the subgroups. This technique is
accurate if applied to the whole group [3]. This provides a comparison between
the effects of information and the behavior of different group sizes.

4 Results

4.1 Group Performance

Fig. 1 shows the behavior of average and best groups as a function of size for
an experiment with 9 subjects. For comparison, we also show the behavior
one would obtain for rational, risk-neutral participants using the same obser-
vations. We see improvement with larger groups, as expected since they have
more information. But they do not perform quite as well as possible based on
the information they have.

For further insight into these results, Table 1 shows the individuals in the
best group of each size. We examined all (Z) groups of size k. In most cases,
the optimal group of size k is a subset of the optimal group of size k + 1. Thus
the best groups do not represent a diverse mix experts (as may be the case
if participants were of several types, each type having similar information but
distinct from others).

We thus see that queries to subgroups of the participants can give reasonable
estimates of the distribution, even if those groups are selected at random. Using
this behavior, a mechanism designer could determine whether the cost of larger
groups is worth the gain in performance. Fig. 1 also shows gains are significantly
larger if the high-performing groups can be identified a priori.

We see similar behaviors with other experiments, with different numbers of
people and different numbers of observations given to the participants. Table 2
gives the numbers of participants and periods for the experiments.



Figure 1: Performance of average (black) and best (gray) group as a function of
group size for an experiment with 9 subjects and 18 periods in which each person
received 3 draws. The solid curves are experimental data, dashed correspond to
risk-neutral rational behavior.

size | experimental theory

1 7

2 34 37

3 347 137

4 3478 1379

5 34789 12467

6 346789 123467
7 2346789 1234679
8 12346789 12345679

Table 1: Best groups for each size (experimentally observed and for the theory
assuming rational, risk-neutral behavior) for the same situation as shown in
Fig. 1.

| exptl expt2 expt3 exptd expth
participants 13 9 11 8 10
periods 7 18 29 25 30

Table 2: Number of participants and periods in the experiments.



group | exptl expt2 expt3 exptd exptd
random | 1.36 0.93 1.18 1.12 1.15
payoff 1.45 1.09 1.24 1.13 1.39
value 0.72 0.91 0.94 1.13 1.22
optimal | 0.53 0.72 0.75 0.83 0.77

Table 3: KL measure of the distribution for groups of size 3 in five experiments.
We compare four types of groups differing in how members are selected as
described in the text. Behavior shown in Fig. 1 corresponds to experiment 2 in
this table.

As a specific example of the performance with small groups, Table 3 shows
the Kullback-Leibler measure for groups of size 3 in each of the experiments.
The first row gives values for random groups (i.e., the average obtained from
a sample of groups of size 3). The second and third rows are groups selected
based on market performance, respectively either the total payoff or final holding
value, including cash. The last row shows the performance of the optimal 3-
person group. Note that for each type of selection, we report performance for
a group facing the independent tasks of all periods rather than selecting a new
group for each period. Thus as the number of periods increases, the variation
in information quality among the groups decreases, leading to a smaller gap
between random and optimal group performance when participants are rational
and risk-neutral. This trend is also generally seen in the experimental data given
in Table 3, although experiment 2 has somewhat less improvement for the best
group than might be expected from comparison with the other experiments.

Interestingly, groups based on market payoff are worse than random ac-
cording to this measure, i.e., their reported distributions have larger errors.
Although one might expect participants with more accurate information to per-
form better in the market, actual payoff also reflects the ability to trade prof-
itably on trends in the market, not just on the fundamental probabilities various
securities will pay off at the end of the market. If we instead use participants’
holding values as an indication of their information, the groups do better than
using payoffs, although there is no definite improvement over random selection.

4.2 Providing Information for Decisions

Another way to access the group performance is the extent to which the reported
distributions suffice to make correct decisions. In our case, the decision is to
identify the correct item.

We measure the performance of a group by the fraction of “correct” decisions
made by a group, based on the distribution aggregated from the group members
using Eq. (3). In this context, we take the correct decision to be the most likely
item according to the probability distribution resulting from combining draws
available to all the participants. In most cases, this corresponds to the item
actually selected prior to each period and is useful to show the extent to which
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Figure 2: Decision performance of average (black) and best (gray) group as a
function of size for the experiment shown in Fig. 1. The solid curve is experi-
mental data, and dashed curves correspond to risk-neutral rational behavior.

group | exptl expt2 expt3 exptd exptd
random | 0.47 0.46 0.47 0.52 0.43
payoff 0.57 0.28 0.59 0.48 0.33
value 1.00 0.44 0.66 0.48 0.57

Table 4: Fraction of correct decisions for groups of size 3 in five experiments.
We compare three types of groups differing in how members are selected as
described in the text discussing Table 3.

subgroups can match the best possible performance when all information is
available to the decision-maker.

Fig. 2 shows group performance as a function of the group size. Groups are
picked at random for a given size, so the performance corresponds to that of an
average group. We see relatively little improvement in decision quality with the
larger group sizes, especially compared to risk-neutral rational behavior. Thus,
as with the difference in distributions shown in Fig. 1, we see the improvement
in decision quality from asking larger groups may not be worthwhile when the
cost to query groups increases with their size. Significantly, this is true even if
the groups are selected at random.

Table 4 further illustrates this behavior, in five experiments with different
concentrations of information. Selecting groups based on market behavior offers
better performance than random for some of the experiments, but not always.
Moreover, selection based on holding value (and cash) is better than selection
based on payoff in the market. These observations are comparable to the con-



group | exptl expt2 expt3 exptd exptd
random | 1.25 0.92 1.18 1.07 1.21
query 0.78 0.89 0.71 0.92 0.81
optimal [ 0.60 0.59 0.69 0.72 0.72

Table 5: KL measure of the distribution for groups of size 3 in five experiments.
Here we consider performance only in the second half of the periods in each
experiment. The random and optimal groups are selected as in Table 3. The
query group is the best based on performance during the first half of the periods.

clusions drawn from measuring the difference in reported distributions, given in
Table 3.

4.3 Identifying Useful Groups

Comparing experiments with the behavior expected for rational, risk-neutral
individuals we see the group performance is only partly due to the different
information available to the participants. This raises the possibility that some
characteristics of the individuals, possibly observable in their market behavior,
may give useful indications of high-performing groups.

In Fig. 1, the performance gap between the average experimental and ideal
performances (black solid and dashed lines, respectively) is entirely due to be-
havioral effects. Thus it should be possible to identify more effective groups
than average to close this performance gap.

To identify high-performing groups, one might think performance in the
market would be a good proxy for those with more information or greater ca-
pability to use it. However, when we select members of a group based on their
market performance (i.e., payoff or holding values), the groups are generally no
better than randomly selected groups, and often worse. This indicates that, at
least in the small groups involved in our experiments, speculation and strategic
aspects of the game outweigh the information differences among individuals.
For example, it appears difficult to distinguish whether trading activity repre-
sents fundamental decisions based on available information or speculative trades
based on expectations of what other traders will do in later periods. Thus al-
though in principle it should be possible to reduce or eliminate the performance
gap due to behavioral issues, it remains to be seen how to identify practical
correlates of high performance in passively observed behaviors, such as market
activity.

Another approach to identifying high-performing subgroups, shown in Ta-
ble 5, uses the observed behavior in response to direct queries. Because the ex-
periments consist of several independent periods, we can evaluate performance
of various subgroups while all participants are queried. After a certain number
of periods, we can use these observations to select the best subgroup. Subse-
quently, we can direct queries only to this subgroup. While this approach incurs



the cost of queries to the full group for some portion of the experiment, it nev-
ertheless reduces costs compared to queries for all participants over all periods.
Moreover, as shown in Table 5, by directly observing individual behavior in
response to queries, it is able to identify better subgroups than selection based
on market behaviors.

These observations indicate groups can be identified to reduce the perfor-
mance gap between experimental and ideal behavior, on average. However, elim-
inating the gap between average and best ideal performance (the black and gray
dashed lines, respectively, in Fig. 1) is probably not possible. This is because
the gap is due to statistical effects: with the random draws, some participants
receive better information than others by the luck of the draw. Because the
draws in each period are independent, as the number of periods increases, the
difference between average and best groups decreases. However, with the small
number of periods used in these experiments (less than 30), this statistical effect
is significant and might misleadingly suggest further mechanism improvements
are possible beyond just removing biases from behavioral effects.

5 Discussion

When limited to small groups with diffuse information, markets do not aggregate
information as well as direct queries to the participants [3]. In this paper,
we extend these observations to the case where queries involve only some of
the group members. While the smaller groups do not report distributions as
accurately as asking all participants, they can be sufficient for decision-making,
particularly if the queries involve costs increasing with group size.

We see this benefit even if the groups are selected randomly. However,
potentially better performance is possible if the best groups can be identified.
Unfortunately, group performance for queries does not correlate with observable
market behavior, so it remains an open question to identify characteristics of
the high-performing groups.

As one direction for future work, we could examine larger variation in avail-
able information among the participants. In particular, markets may be more
useful as a way to identify ”experts” when information is concentrated in a few’s
hand, unlike the setup in the experiments we discussed. This would establish
market’s performance as an ”expert” identification mechanism as oppose to an
aggregation mechanism.

As the groups get larger, we can expect market behavior to improve relative
to direct queries, particularly since the cost involved in queries is likely to be
larger. Thus an important experimental question is how information aggrega-
tion behavior tracks with the number of participants. In particular, how should
size of subgroup scale with the number of participants to get, say, half the per-
formance obtained with asking all participants? Obviously, this depends on how
the information and skills are distributed amongst the group. It will be inter-
esting to see if there are ways to determine information and skill distributions
from market behavior.
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Fig. 1 shows the performance difference in group size is not just a function
of available information. Thus it would be interesting to determine how much
of the variation is due to differences in skill, risk tolerance, or other properties
of the participants. Moreover, to what extent do such differences appear in
trading activity, e.g., to distinguish fundamental traders with more information
from speculators?

The departures from rationality seen in these experiments provide an op-
portunity for automated agents with access to the same information available
to the people, as for example with the Santa Fe token exchange [21] and var-
ious proposals for agent-based market mechanisms [5, 25, 27]. E.g., for equal
performance we could manage with fewer agents than people. Moreover, if the
agents cannot access the information directly, e.g., because it requires compli-
cated judgements to recognize or evaluate, hybrid systems [6] could be effective.
That is, the agents could use or combine the information more efficiently than
people once it is available.

As a final observation, basing group selection (and hence any associated
payments or gains in reputation or status [13, 26]) on visible behavior in markets
raises interesting incentive issues if the selection could bias the market behavior.
If the original market is meant to satisfy other purposes, it would be best to
avoid such changes. One possible approach would be to rely on information-
hiding techniques [11], such as zero-knowledge transactions, to minimize the
amount of information revealed and hence reduce the impact on the market
mechanisms.
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