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Abstract

Real market institutions, stock and commodity exchanges for example, do not occur in isolation. The

same stocks and commodities may be listed on multiple exchanges, and traders who want to deal in

those goods have a choice of markets in which to trade. While there has been extensive research into

agent-based trading in individual markets, there is little work on this kind of multiple market scenario.

Our work seeks to address this imbalance, This paper examines how standard economic measures, like

allocative efficiency, are affected by the presence of multiple markets for the same good. We find that

while dividing traders between several small markets typically leads to lower efficiency and convergence

than grouping them into one large market, the movement of traders between markets, and price incentives

for changing markets, can reduce these losses.

1 Introduction

An auction, according to [7], is a market mechanism in which messages from traders include some price
information — this information may be an offer to buy at a given price, in the case of a bid, or an offer to sell
at a given price, in the case of an ask — and which gives priority to higher bids and lower asks. The rules
of an auction determine, on the basis of the offers that have been made, the allocation of goods and money
between traders. When well designed [11], auctions achieve desired economic outcomes like high allocative

efficiency whilst being easy to implement. Auctions have been widely used in solving real-world resource
allocation problems [14], and in structuring stock or futures exchanges [7].

There are many different kinds of auction. One of the most widely used kinds is the double auction (da),
in which both buyers and sellers are allowed to exchange offers simultaneously. Since double auctions allow
dynamic pricing on both the supply side and the demand side of the marketplace, their study is of great
importance, both to theoretical economists, and those seeking to implement real-world market places. The
continuous double auction (cda) is a da in which traders make deals continuously throughout the auction.
The cda is one of the most common exchange institutions, and is in fact the primary institution for trading of
equities, commodities and derivatives in markets such as the New York Stock Exchange (nyse) and Chicago

∗A revised and expanded version of a paper that appeared in the Proceedings of the 10th Workshop on Agent-Mediated
Electronic Commerce
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Mercantile Exchange1. Another common kind of double auction market is the clearing-house (ch) in which
the market clears at a pre-specified time, allowing all traders to place offers before any matches are found.
The ch is used, for example, to set stock prices at the beginning of trading on some exchange markets.

Our focus in this paper is on the behavior multiple auctions for the same good. This interest is motivated
by the fact that such situations occur in the real world. Company stock is frequently listed on several stock
exchanges. US companies may be listed on both the nyse, nasdaq and, in the case of larger firms, non-US
markets like the London Stock Exchange (lse). Indian companies, for example, can be listed on both the
National Stock Exchange (nse) and the Bombay Stock Exchange (bse) [30]. Until their merger in 2008,
many commodities could be traded on both the cme and the New York Mercantile Exchange. Such multiple
markets for the same goods have a complex dynamics. The simplest example of this is, of course, the work
of arbitrageurs who exploit price differences between markets to buy low in one and sell high in another,
thus evening the prices between markets2. More complex, and less predictable dynamics occur in situations
like that when the newly created Singapore International Monetary Exchange (simex) claimed much of the
trade in index futures on Nikkei 225 from Japanese markets in the late 1980s or when the nse opened and
proceeded to claim much of the trade volume from the established bse [30], Changes like this take place
over a long period of time, and stem from considerations such as the liquidity provided by the markets, or
the (lack of) regulation that the market is subject to. Inter-market dynamics can also have much shorter
timescales, as was the case in the flow between the cme and the nyse during the global stock market crash
of 1987 [15].

This kind of interaction between markets has not been widely studied as yet, but seems to be increasingly
relevant. Indeed, the number of online markets offering the same goods and services, suggests that studying
single markets is becoming irrelevant — the default situation for electronic markets is that they are in
competition with one another for participating traders and this is precisely the scenario that we study here.
In addition, we focus on the markets populated by automated traders, since we believe that such traders
will become increasingly widely used in electronic markets.

2 Background

Double auctions have been extensively studied using both human traders and computerized agents. Starting
in 1955, Smith carried out numerous experiments investigating the behavior of such markets, documented
in papers such as [31, 32, 33, 34, 35]. The experiments in [31], for example, involved human traders and
showed that even with limited information available, and only a few participants, the cda can achieve
very high efficiency, comes close to the theoretical equilibrium, and responds rapidly to changing market
conditions. This result was in contrast to classical theory, which suggested that high efficiency would require
a very large number of traders, and led some to suggest that the form of the market itself was sufficient
to ensure efficiency. In other words, Smith’s results led to the suggestion that double auction markets are
bound to lead to efficiency irrespective of the way that traders behave. Gode and Sunder [9] tested this
hypothesis, introducing two automated trading strategies which they dubbed “zero-intelligence”. The two
strategies Gode and Sunder studied were zero intelligence without constraint (zi-u) and zero intelligence

with constraint (zi-c). zi-u traders make offers at random, while zi-c traders make offers at random, but
are constrained so as to ensure that traders do not make a loss (it is easy to see that zi-u traders can make
a loss, and so can easily lead to low efficiency markets). In the experiments reported in [9], the zi-c traders
gained high efficiency and came close enough to the performance of human traders that Gode and Sunder
claimed that trader intelligence is not necessary for the market to achieve high efficiency and that only the
constraint on not making a loss is important 3.

This position was attacked by Cliff [4], who showed that if supply and demand are asymmetric, the

1Historically this was not the case in markets, like the nyse, that were largely controlled by specialists [13], but this is
increasingly true as less and less trade is carried out on the trading floor, and more and more is carried out electronically in a
way that is very similar to that permitted by the experimental plato system, as described in [35]

2In addition, futures exchanges make it possible for dealers in a particular commodity to offset their risks by trading options
— commitments to buy or sell at a future date at a certain price — in that commodity, and these provide further opportunities
for arbitrage.

3In fact, for the markets tested in [9], even the zi-u traders achieved pretty high efficiency, they were just outperformed by
zi-c traders in this regard.
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average transaction prices of zi-c traders can vary significantly from the theoretical equilibrium 4. Cliff
then introduced the zero intelligence plus (zip) trader, which uses a simple machine learning technique
to decide what offers to make based on previous offers and the trades that have taken place. zip traders
outperform zi-c traders, achieving both higher efficiency and approaching equilibrium more closely across a
wider range of market conditions (though [4][page 60] suggests conditions under which zip will fail to attain
equilibrium), prompting Cliff to suggest that zip traders embodied the minimal intelligence required 5. A
range of other trading algorithms have been proposed — including those that took part in the Santa Fe
double auction tournament [28], the Roth-Erev approach (re) [27] which is form of reinforcement learning
Gjerstad-Dickhaut approach (gd) [8] which seeks to maximise expected profit — and the performance of
these algorithms evaluated under various market conditions.

This work on trading strategies is only one facet of the research on auctions. Gode and Sunder’s results
suggest that the structure of the auction mechanisms plays an important role in determining the outcome
of an auction, and this is further borne out by [24, 40] For example, if an auction is strategy-proof, traders
need not bother to conceal their private values and in such auctions complex trading agents are not required.
[22, 37, 40] also make it clear that the results hinge on both auction design and the mix of trading strategies
used). This complex interaction between mechanisms and traders helps to make the task of designing
mechanisms a complex one, and several authors have suggested computational approaches to this task
[6, 22, 23, 39].

Despite all of this work, there has been no systematic study of the use of automated traders in multiple
connected markets [38], though a number of different scenarios have been investigated. [2] uses agent-based
methods to examine the effects of linked markets on financial crises, while [41] looks at the effect of different
trade routes on price convergence. [16, 17] study the bull-whip effect [12]6 in supply chains. In addition,
some initial results on multiple auctions that compete for traders were presented in [20] and the design of
such auctions is the focus of the tac Market Design competition analyzed in [21]. The work we report here
further extends the use of agent-based computational economics to study groups of connected markets.

3 Experimental Setup

The experiments we carried out explore the economic effects of having a number of parallel markets, and
the consequences of allowing traders to move between these markets.

3.1 Software

To experiment with multiple markets, we used the Java-based server platform jcat [10, 18]. jcat provides
the ability to run multiple double auction markets populated by traders that use a variety of trading strate-
gies, and was used to support the 2007 tac Market Design competition [3]. Auctions in jcat follow the
usual pattern for work on automated trading agents, running for a number of trading days, with each day
being broken up into a series of rounds. A round is an opportunity for agents to make offers (shouts) to buy
or sell, and we distinguish different days because at the beginning of a day, agents have their inventories
replenished. As a result, every buyer can buy goods every day, and every seller can sell every day. Days are
not identical because agents are aware of what happened on the previous day. Thus it is possible for traders
to learn, over the course of several days, the optimal way to trade.

We run a number of jcat markets simultaneously, allowing traders to move between markets at the end
of a day. In practice this means that traders need a decision mechanism that picks which market to trade
in. Using this approach, agents are not only learning how best to make offers, which they will have to do
anew for each market, but they are also learning which market is best for them. Of course, which market is
best will depend partly on the properties of different markets, but also on which other agents are in those
markets.

4The experiments in [9], while reflecting typical market conditions, might be considered to represent easy conditions from
which to attain equilibrium. In contrast, the experiments in [31] show convergence to equilibrium from a much wider range of
initial conditions.

5A point maybe undermined by the zip variant proposed by Preist and van Tol [26], which is arguably simpler and hence
more minimal.

6Where small fluctuations in supply in one market can have an effect that magnifies through the network.
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3.2 Traders

Traders in our experiments have two tasks. One is to decide how to make offers. The mechanism they use
to do this is their trading strategy. The other task is to choose market to make offers in. The mechanism
for doing this is their market selection strategy. We studied markets in which all the traders used the same
trading strategy, and considered three such strategies:

• Gode and Sunder’s zero intelligence with constraint (zi-c) strategy [9];

• Cliff’s zero intelligence plus (zip) strategy [4]; and

• Roth and Erev’s reinforcement learning strategy (re) [27].

The reason for picking the first of these is that given by [19, 39], that since zi-c is not making bids with
any intelligence, any effects we see have to be a result of market structure, rather than a consequence of
the trading strategy, and hence will be robust across markets inhabited by different kinds of trader. The
reason for picking zip and re is that given by [24]. The first of these strategies is typical of the behavior of
automated traders, while the second is a good model of human bidding behavior. Using both will give us
results indicative of markets with both human and software traders.

The market selection strategy is based on a simple model for reinforcement learning. Traders treat the
choice of market as an n-armed bandit problem that they solve using an ǫ-greedy exploration policy [36].
Using this approach the behavior of the agents is controlled by two parameters ǫ and α. A trader chooses
what it estimates to be the best market, in terms of daily trading profit, with probability 1−ǫ, and randomly
chooses one of the remaining markets otherwise. ǫ may remain constant or be variable over time, depending
upon the value of the parameter α [36]. If α is 1, ǫ remains constant, while if α takes any value in (0, 1), ǫ

will reduce over time. For these experiments, we set α to 1, and ǫ to 0.1. The results from or previous work
on the interactions between multiple markets [20] suggest that market selection behavior is rather insensitive
to the parameters we choose here.

jcat is typically set up to use the market selection strategy to decide which market each trader should
participate in at the start of each day. Since this facility can be disabled, however, we could experiment with
two different kinds of trader movement:

• Mobile: traders choose a market at the start of each day (this may be the same market in which the
traders participated the previous day).

• Stationary: traders always remain in the same market.

Each trader is permitted to buy or sell at most five units of goods per day, and each trader has a private value
for these goods, a value which is drawn from a uniform distribution between $50 and $150. A given trader
is assumed to have the same private value for all goods that it trades throughout the entire experiment.

3.3 Markets

While jcat allows us to charge traders in a variety of ways, we used just four kinds of charge in the work
reported here:

• Shout fees, charges made by the market for each shout made by a trader.

• Information fees, charges made by the market for information about shouts made by other traders in
the market.

• Transaction fees, charges made by the market for each transaction executed by a trader.

• Profit fees, charges made by the market on the bid/ask spread of any transactions they execute.7.

7The name arose since the bid/ask spread is the transaction surplus, and with the k = 0.5 rule we usually use for allocating
the surplus, the surplus is thus directly related to the profit realised by both agents.
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We set shout, information and transaction fees to constant, low, figures — $0.1, $2 and $0.1 respectively.
These are values typical of those adopted by entrants in the 2007 tac Market Design Competition, and,
as [21] discusses, are sufficient to provide a small negative reinforcement that encourages traders to leave
markets in which they are not managing to make trades.

We used three different mechanisms for setting the profit fees:

• Free: no profit fees are charged.

• Fixed: a constant proportion, typically 10%, 20%, 30%, 40% and 50% of the surplus on a transaction,
is taken as a fee.

• Lure-or-learn fast (ll): a version of the zip strategy for traders [5] adapted for markets and introduced
by [20] under the name “zero intelligence”8. A ll market adjusts its charges to be just lower than
that of the market that is the most profitable. If it is the most profitable market, it raises its charges
slightly.

In all of our experiments the markets are populated by 100 traders, evenly split between buyers and sellers.
We run five markets — named M0, M1, M2, M3 and M4. When the markets have fixed profit charges, M0

has the lowest charge, and the chrages increase from M1 to M2 to M3 to M4. When the markets use ll,
the initial charges used by each market follow the same pattern.

3.4 Experiments

Our main aim in this work was to answer the questions “what is the economic effect of running a number
of parallel markets?”, and “what is the effect of different charging regimes?”, so our basic comparisons are
between the situation in which all traders transact in a single market, and the situation in which traders are
split across a number of markets for different charging mechanisms. We were also interested in the effect of
traders moving between markets — the results we published in [20] tell us that traders move between markets
due to the charges imposed by markets, but it does not say anything about the effect of that movement on
the overall performance of the markets in economic terms.

These considerations led us to compare the performance of the single market, and the multiple markets
in different scenarios. We considered six different scenarios — one scenario for each combination of charging
mechanism (free, fixed and ll) and traders that are either mobile or stationary. For a given trading strategy,
we considered all six of these scenarios for both the ch and the cda.

Thus we ran a total of 36 experiments, six scenarios for the two different kinds of market and the three
different trading strategies. For each experiment we obtained results for both trades split across five markets
and all the traders concentrated in one market. Each of these 36 experiments was run for 400 trading days,
with each day being split into 50 0.5-second-long rounds. We repeated each experiment 50 times.

3.5 Measurements

The effectiveness of a market can be measured in a number of different ways. We compare markets in our
experiments in terms of their allocative efficiency and coefficient of convergence. Allocative efficiency, Ea, is
used to measure how good a market is at generating global profits [25]. The actual overall profit, Pa, of an
auction is:

Pa =
∑

i

|vi − pi| (1)

for all agents who trade, where pi is the price of a trade made by agent i and vi is the private value of agent
i. The equilibrium profit, Pe, is:

Pe =
∑

i

|vi − p0| (2)

for all buyers whose private value is no less than the equilibrium price, p0, and all sellers whose private
value is no greater than p0. The equilibrium price is the price at which the number of goods sold equals

8The name is inspired by Bowling’s “win or learn fast” [1] and prevents us from confusing zero-intelligence traders with
zero-intelligence markets
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the number of goods bought and can be computed from the private values of the traders assuming that no
trader makes a loss. Ea, is then Pa/Pe expressed as a percentage.

Ea =
Pa

Pe

× 100 (3)

This tells us how close a market is to theoretical equilibrium in terms of profits made — the more efficient
the market, the closer Ea is to 100. However, it says nothing about how close a market is to trading at the
equilibrium price. For the latter we use the coefficient of convergence α [31]. α measures the deviation of
transaction prices from the equilibrium price:

α =

√

1
n

∑
i (pi − p0)2

p0

× 100 (4)

where n is the number of traders in the market. The closer a market is to trading at equilibrium, the closer
α is to 0.

For the multiple market experiments, we measure the efficiencies and convergence of each individual
market. We also compute what we call the global values which assess the measurements across all the
parallel markets. The calculation of these global values is similar to the calculation of the measurements for
a single market. Global efficiency E

g
a is computed as:

Eg
a =

∑
j

∑
i |v

j
i − p

j
i|∑

j

∑
i |v

j
i − p

g
0 |

(5)

where v
j
i is the private value of agent i in market j, p

j
i is the price paid by agent i in market j, and p

g
0 is the

equilibrium price that would hold were all the traders in a single market. The global value of α is computed
similarly:

α =

√

1
ng

∑
j

∑
i (p

j
i − p

g
0)2

p
g
0

× 100 (6)

where ng is the total number of traders in all markets. These global measurements give us a way of
examining the properties of a set of markets — we can compare the global measurement across the set of
markets with the mesurement for a market that contains the same traders as are spread across the set. They
are appropriate measures for our purposes because we are interested in examining how far multiple markets
diverge from the performance of an individual market. However, it should be noted that they are rather
harsh measures since the markets can, for example, be individually efficient but globally somewhat inefficient
because of the distribution of traders.

4 Results

Our analysis of the results of the experiments starts by examining the changes in markets over time, before
considering the differences in behavior between single and multiple markets. This leads us to the conclusion
that charging in markets leads to a segmentation of traders that improves market efficiency and convergence.
As a result, we examine the change in efficiency in some detail, especially the relationship between efficiency
and the number of traders in each market.

4.1 Change in markets over time

Figure 1 gives one view of the the experiments with mobile zip traders. It shows the number of traders
leaving each of the five markets every day for both cda and ch markets, for markets that don’t charge,
for markets that use fixed profit charges, and for markets that adjust their profit charges using the ll

mechanism. The lines plotting these numbers for each of the markets are superimposed over each other since
the performances of the markets in this regard are indistinguishable. The reason for plotting these values is
that they summarise the amount of “churn” (to use the marketing term) in the markets. When the situation
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Figure 1: How individual markets change over time — the number of traders changing market. The x-axis
gives the trading day, and the y-axis gives the number of traders that leaving a given market on that day.
All markets features mobile zip traders. The markets in (a), (c) and (e) are cdas with different charging
patterns, while the markets in (b), (d) and (f) are chs with different charging patterns.
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Figure 2: How individual markets change over time — the change in equilibrium price. The x-axis gives the
trading day, and the y-axis gives the change in equilibrium price between that day and the previous day.
All markets features mobile zip traders. The markets in (a), (c) and (e) are cdas with different charging
patterns, while the markets in (b), (d) and (f) are chs with different charging patterns.
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Figure 3: How markets as a group change over time — global efficiency. The x-axis gives the trading day,
and the y-axis gives the global efficiency on that day. All markets features mobile zip traders. The markets
in (a), (c) and (e) are cdas with different charging patterns, while the markets in (b), (d) and (f) are chs
with different charging patterns. Each figure shows the average value and one standard deviation.

9



0 50 100 150 200 250 300 350 400
0

2

4

6

8

10

12

14

16

18

20

(a) cdas with no charges

0 50 100 150 200 250 300 350 400
0

2

4

6

8

10

12

14

16

18

20

(b) chs with no charges

0 50 100 150 200 250 300 350 400
0

2

4

6

8

10

12

14

16

18

20

(c) cdas with fixed charges

0 50 100 150 200 250 300 350 400
0

2

4

6

8

10

12

14

16

18

20

(d) chs with fixed charges

0 50 100 150 200 250 300 350 400
0

2

4

6

8

10

12

14

16

18

20

(e) cdas with ll charges

0 50 100 150 200 250 300 350 400
0

2

4

6

8

10

12

14

16

18

20

(f) chs with ll charges

Figure 4: How markets as a group change over time — global coefficient of convergence. The x-axis gives
the trading day, and the y-axis gives the global coefficient of convergence on that day. All markets features
mobile zip traders. The markets in (a), (c) and (e) are cdas with different charging patterns, while the
markets in (b), (d) and (f) are chs with different charging patterns. Each figure shows the average value
and one standard deviation.
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is settled, the number of traders moving will be low, when the situation is unsettled, the number of traders
moving will be higher. All six experiments show that movement decreases over time. It decreases most in the
ll markets, and least in the markets that don’t charge and it decreases much more quickly in the markets
that do charge than those that don’t. It never drops much below 2, which is consistent with having ǫ in the
market selection mechanism fixed to 0.1 so that traders continue to explore throughout each experiment 9.

This movement of traders necessarily has a effect on the trading that takes place in each of the markets.
Whereas we would expect a single market to rapidly approach equilibrium after just a few days at most
— whether traders are software agents [8, 26] or humans [31] — in the multiple market case, this does not
happen. Figure 2, which plots the daily change in equilibrium price in each market in Figure 1, is testimony
to the way that that the markets don’t have a settled equilibrium. Every market has a non-zero daily change,
even at the end of the 400 day period. However, we do see a certain level of stability emerge in the markets
that charge — by 300 days or so, while there are still changes from day to day, the trend is for the average
change in equilibrium price to settle towards a limit. This limit varies from market to market. For example
in the experiment on clearing houses that use ll (Figure 2 (f)) the limit ranges from around $5 in M0 to
around $30 in M4, while in for the experiment on cdas that use fixed charges, the range is from around $5
in M0 to around $50 in M4.

In case the changes in equilibrium price smack of anarchy in individual markets, consider Figures 3
and Figures 4. These plot the global values of efficiency and the coefficient of convergence for the same
experiments as in Figure 1 and Figure 2. As described above, global efficiency is computed by summing
actual trader profits and then dividing by the theoretical profit that would be made if all the traders were

in the same market. It thus gives us a picture of our set of markets taken as a whole, and shows that,
despite the churn in individual markets, the overall picture has settled down after around 200 days. The
global coefficient similarly settles down, though it takes closer to 300 days to stop changing significantly.
The global coefficient of convergence measures the average distance of each transaction from where theory
says it should take place, once again, if all the traders were in the same market. The fact that it settles
down to a reasonably constant value suggests that most transactions are taking place at a similar value
from day to day, and the fact that the global coefficient of convergence would not be unreasonably high for
a single market suggests that — despite the fluctuation in transaction price in individual markets — most
transactions that take place do so close to the theoretical equilibrium.

Though we have only shown the results for zip trades here, the other experiments have very similar
results. A full set of results is available from the authors on request. All these results parallel those we
reported in [20], and the together these results suggest that the effects we see hold for a wide range of
charging regimes and market selection strategies.

4.2 Comparing single and multiple markets

Having sketched the overall behavior of the markets in our experiments, the main results of this paper
are given in Tables 1–6. These give, for each of the experiments outlined above, both the efficiencies and
coefficients of convergence for markets M0 to M4, a single market containing all the traders, and the global
values computed as in Section 3.5. The single market value differs from the global measure in that the
actual trader profits and equilibrium prices are obtained in the single market rather than in the individual
markets (while the theoretical profit and global equilibrium price is the same in both cases). The values of
the efficiency and coefficient of convergence given is averaged over the last 100 days of each experiment as
well as across the 50 runs of each experiment.

The first point to make is that, just as one would expect from usual theoretical analysis, say [29], the
efficiency of the single market of 100 traders is generally greater than the global efficiency (though there
is an exception). Not only is this in agreement with the theory, but it is not surprising. The theoretical
profit is the same in both cases, so for the global efficiency to be higher, the individual markets would have
to do a better job of matching traders than the single market. Clearly the churn will make any optimal
matching hard to sustain even if it occurs in the first place. Similarly, the coefficient of convergence of the
single market is typically lower than that of the global market (the exception here is the performance of re

in the cda markets, but this is against the backdrop of a generally poor performance in this market). Again

9With 100 traders that have learnt the best market to trade in, we’d still expect 10 (100×0.1) to change market each trading
day on average, which is, of course, approximately two for each market.
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this is not surprising. The variation measured by the coefficient of convergence is against the equilibrium
price given all trader private values, and this will only be the equilibrium price of each individual market if
traders are even distributed by private value. Spreading traders across markets we’d expect that even if the
equilibrium price was the same on average, its variance would increase as the number of markets increased10.

Some other interesting points emerge. First, looking just at the global efficiency values, we see that across
all three trading strategies, markets with mobile traders are more efficient than markets with stationary
traders. It therefore seems to be the case that trader mobility leads to higher efficiency. Traders that move
to maximize their own expected profit, which is the effect of the market selection strategy we use, end up
improving the performance of the markets as a whole. Second, again across all three trading strategies, the
best performing (in terms of efficiency) individual markets, with mobile traders, that make charges on profits
outperform any of the corresponding individual markets that do not charge11. Thus, not only does it seem
that mobility leads to higher efficiency, but it also seems that charging does.

Third, the effect of charging is strong enough that with zip and re traders (the ones that might be
considered more rational because they pick offers that aim to maximize their profits) these best performing
individual markets do so well that they lift the global performance of the charging markets with mobile traders
above that of the markets that don’t charge. (This despite the fact that the higher charging individual
markets have considerably lower efficiencies than the markets that do not charge). Thus, not only do
individual markets benefit from the charges, but it seems that overall the markets benefit — they certainly
manage to extract more total profits that way.

The results for the coefficient of convergence show some of the same features, but they are less marked. In
all cases except that of zip traders in ch markets, mobile traders generate lower coefficients of convergence
than stationary traders, and the better performing charging markets with mobile traders outperform (in the
sense of having a lower coefficient of converegnce) the markets that do not charge.

4.3 The effects of charging on efficiency

The results so far suggest that when markets charge, it has some effect on their efficiency. However, it is not
clear whether this is a direct effect or an indirect effect. In particular, it is clear that when markets charge at
different rates, the number of traders in the markets will change — for example [20] shows that, in exactly
the experimental setup we have here, traders tend tomove from higher charging markets to lower charging
markets (as one would expect). Thus it might be the case that the changes in efficiency that we see are only
due to the changing numbers of traders rather than some more complex sorting of traders. To investigate
this, we ran a further set of experiments.

In these latter experiments, we only considered the two charging mechanisms — fixed and ll — that
impose fees, and focused once again on the profit fees. We did, however, consider additional levels of charging,
running experiments with the following charging regimes:

• M0 charges 5%, M1 charges 10%, M2 charges 15%, M3 charges 20% and M4 charges 25%;

• M0 charges 10%, M1 charges 20%, M2 charges 30%, M3 charges 40% and M4 charges 50%;

• M0 charges 15%, M1 charges 30%, M2 charges 45%, M3 charges 60% and M4 charges 75%.

As before, these were the values used throughout the experiments by the fixed markets, and for the initial
trading day by the ll markets. Carrying out these experiments for both cda and ch markets, with all three
kinds of trader, and using fixed and ll markets with three different charging levels gives us 36 separate
experiments. Each experiment was run over 400 trading days, and repeated 100 times.

The results of these experiments for zip traders and fixed charging markets are shown in Figures 6–5 and
Tables 7–8. As before we only included the results from some of the experiments in the interests of space —
these are representative, and the full set of results can be obtained from the authors.

Table 7 and Table 8 give, respectively, the relationship between the average number of traders in the
lowest charging market and the average global allocative efficiency, and the relationship between the average
number of traders in the lowest charging market and the average allocative efficiency in that market. Both

10You can see this effect in the fact that individual markets with zip traders often have a considerably lower coefficient of
convergence than the global market.

11In other words, M0 under fixed and ll charging has greater efficiency than any of the markets which are free.
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Table 1: Allocative efficiency for markets with zic traders in single-market and multiple-market scenarios.

multiple markets
single market

M0 M1 M2 M3 M4 global

cda

Mobile

Fixed 87.14 80.67 71.47 65.90 64.99 85.45 ⋆88.86

11.96 20.07 27.04 29.85 30.99 3.49 2.05

ll 92.34 92.17 94.69 90.43 92.19 ⋆93.16 87.58
13.54 14.22 9.48 17.20 15.27 2.62 2.35

Free 78.80 76.37 78.27 79.36 78.24 85.66 ⋆88.92

22.46 25.48 22.41 22.22 23.31 3.03 2.01

Stationary

Fixed 83.10 82.71 83.59 82.91 83.86 77.02 ⋆88.86

11.11 9.19 9.19 8.25 8.40 5.80 2.05

ll 82.38 84.70 81.65 80.51 81.51 77.18 ⋆87.58

10.63 10.42 12.08 13.49 14.91 6.05 2.35

Free 81.20 81.83 81.65 80.58 81.20 77.25 ⋆88.92

11.05 10.86 12.48 11.29 12.55 5.37 2.01

ch

Mobile

Fixed 84.99 75.05 69.12 57.41 55.83 81.16 ⋆81.99

20.01 24.85 30.87 30.87 31.30 3.20 2.99

ll 95.70 94.57 95.45 94.20 94.84 ⋆94.21 81.30
4.80 8.25 6.18 9.88 7.34 2.01 2.63

Free 74.58 76.38 71.83 72.94 77.90 83.72 ⋆83.89

24.73 22.10 24.96 25.31 21.37 3.14 2.76

Stationary

Fixed 86.40 86.26 85.56 86.74 87.67 77.80 ⋆81.99

8.47 8.85 7.63 8.72 8.72 5.11 2.99

ll 79.78 81.08 81.72 78.62 77.69 76.09 ⋆81.30

9.50 9.95 7.99 12.24 13.73 5.13 2.63

Free 79.35 80.77 82.46 80.32 81.29 76.86 ⋆83.89

11.82 10.48 9.11 10.12 11.86 4.66 2.76

Italic numbers are standard deviations, bold numbers indicate the better of the global and single market
values, bold italic identifies the largest value on each line, and ⋆ denotes that where these comparisons are
significant at the 95% level. The charges on profit rise linearly from M0 (10%) to M4 (50%). In the case of
the ll markets, these are the figures from which charges start.

Note that in a single market it makes no sense for traders to move since there is no market to move to or
from. As a result, figures for mobile and stationary traders are the same.
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Table 2: Allocative efficiency for markets with zip traders in single-market and multiple-market scenarios.

multiple markets
single market

M0 M1 M2 M3 M4 global

cda

Mobile

Fixed 97.06 96.24 96.11 94.60 93.24 94.53 ⋆97.93

5.59 7.54 7.76 11.84 14.38 2.59 1.27

ll 96.14 95.66 95.18 94.92 95.38 94.48 ⋆98.55

7.60 9.13 10.71 10.30 9.82 2.96 1.04

Free 96.04 96.39 96.17 95.88 95.63 94.22 ⋆99.49

8.19 6.80 7.34 8.26 9.18 2.63 0.47

Stationary

Fixed 97.47 97.86 97.46 98.05 96.98 91.14 ⋆97.93

3.03 3.23 3.34 4.96 4.16 4.16 1.27

ll 97.66 97.85 97.80 97.97 97.87 90.37 ⋆98.55

2.96 2.72 2.76 3.25 2.65 4.15 1.04

Free 97.27 97.59 97.60 97.55 97.54 89.62 ⋆99.49

4.11 3.75 3.49 4.57 4.16 5.10 0.47

ch

Mobile

Fixed 98.85 98.53 97.52 96.38 95.09 96.62 ⋆99.74

4.74 8.25 11.25 13.75 13.75 2.10 0.52

ll 98.32 97.73 98.30 97.13 97.73 96.78 ⋆99.68

4.68 8.17 5.13 9.10 7.14 2.20 0.49

Free 97.96 97.79 98.41 98.24 98.17 96.91 ⋆99.75

6.77 7.62 4.60 5.02 5.98 2.06 0.49

Stationary

Fixed 99.04 99.01 99.36 99.22 99.01 90.54 ⋆99.74

3.45 2.06 3.40 3.96 4.98 4.98 0.52

ll 99.35 99.16 99.21 99.32 99.03 92.50 ⋆99.68

1.79 2.82 2.67 2.04 4.11 4.19 0.49

Free 99.29 98.56 99.06 99.06 99.19 91.34 ⋆99.75

2.55 5.66 3.35 2.97 2.91 4.76 0.49

Italic numbers are standard deviations, bold numbers indicate the better of the global and single market
values, bold italic identifies the largest value on each line, and ⋆ denotes that where these comparisons are
significant at the 95% level. The charges on profit rise linearly from M0 (10%) to M4 (50%). In the case of
the ll markets, these are the figures from which charges start.

Note that in a single market it makes no sense for traders to move since there is no market to move to or
from. As a result, figures for mobile and stationary traders are the same.
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Table 3: Allocative efficiency for markets with re traders in single-market and multiple-market scenarios.

multiple markets
single market

M0 M1 M2 M3 M4 global

cda

Mobile

Fixed 89.89 88.62 79.54 68.81 68.57 85.79 ⋆89.14

9.29 29.06 39.19 40.06 3.07 3.07 1.68

ll 87.88 87.35 86.94 87.45 87.11 86.42 ⋆87.39

11.79 14.49 14.21 13.91 15.33 3.12 2.46

Free 86.97 87.29 85.85 85.37 84.93 85.59 ⋆89.37

14.74 12.08 17.89 18.11 18.58 3.00 1.69

Stationary

Fixed 88.47 89.79 88.17 88.26 89.40 82.07 ⋆89.14

4.85 4.80 5.33 4.70 4.92 4.92 1.68

ll 87.75 87.62 87.12 86.97 88.09 81.42 ⋆87.39

5.53 7.25 6.74 5.66 5.49 5.49 2.46

Free 88.64 89.53 87.93 88.74 87.72 81.15 ⋆89.37

5.94 5.18 5.65 4.98 5.59 5.26 1.69

ch

Mobile

Fixed 99.01 97.73 94.52 89.83 87.90 95.90 ⋆99.33

5.30 15.90 24.81 27.67 27.67 2.94 0.86

ll 97.56 97.24 97.63 97.46 97.15 94.66 ⋆99.42

4.93 6.62 4.27 6.35 6.89 3.32 0.78

Free 97.18 97.87 97.41 97.23 97.27 95.51 ⋆99.20

6.28 8.34 8.84 8.54 8.54 2.90 0.92

Stationary

Fixed 98.46 98.51 98.50 98.56 98.89 91.99 ⋆99.33

2.79 2.73 2.62 2.41 4.60 4.60 0.86

ll 98.65 98.66 98.58 98.81 98.84 88.13 ⋆99.42

2.49 2.36 2.57 2.48 2.13 6.42 0.78

Free 98.44 98.66 98.73 98.65 98.59 89.48 ⋆99.20

2.58 2.30 2.52 2.86 5.59 5.59 0.92

Italic numbers are standard deviations, bold numbers indicate the better of the global and single market
values, bold italic identifies the largest value on each line, and ⋆ denotes that where these comparisons are
significant at the 95% level. The charges on profit rise linearly from M0 (10%) to M4 (50%). In the case of
the ll markets, these are the figures from which charges start.

Note that in a single market it makes no sense for traders to move since there is no market to move to or
from. As a result, figures for mobile and stationary traders are the same.
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Table 4: Coefficient of convergence for markets with zic traders in single-market and multiple-market sce-
narios.

multiple markets
single market

M0 M1 M2 M3 M4 global

cda

Mobile

Fixed 15.33 14.98 14.35 13.71 14.01 15.56 ⋆13.94

2.92 4.46 6.05 6.44 7.36 0.95 0.71

zip 16.51 16.44 16.52 15.80 16.54 17.25 ⋆14.79

5.80 5.74 4.60 5.96 5.57 1.11 0.83

Free 14.65 14.50 14.44 14.66 14.46 15.66 ⋆14.69

4.43 4.68 4.41 4.36 4.66 0.96 0.78

Stationary

Fixed 16.23 16.63 16.92 15.67 17.66 17.93 ⋆13.94

4.97 4.75 4.78 5.72 5.54 1.43 0.71

zip 16.36 17.18 16.02 15.41 17.39 16.68 ⋆14.79

5.80 6.34 5.41 4.67 8.29 1.36 0.83

Free 16.45 15.51 16.80 16.37 16.18 16.85 ⋆14.69

5.60 4.00 5.76 5.91 5.14 1.37 0.78

ch

Mobile

Fixed 11.27 11.67 11.49 11.35 11.33 11.14 ⋆7.89

3.06 3.85 4.41 5.64 5.92 1.42 0.89

zip 13.36 13.41 13.15 13.59 13.15 13.95 ⋆7.16

3.73 4.03 3.49 4.07 3.91 1.13 0.79

Free 12.51 12.75 12.71 12.83 12.70 12.10 ⋆7.87

4.61 4.73 4.93 5.19 4.61 1.47 0.88

Stationary

Fixed 16.32 16.86 18.34 16.96 17.75 14.65 ⋆7.89

4.98 7.45 9.87 5.41 7.21 1.46 0.89

zip 12.80 13.84 13.02 13.25 12.35 13.24 ⋆7.16

3.11 4.50 4.04 4.85 3.22 1.29 0.79

Free 12.59 12.93 13.12 12.18 13.57 12.77 ⋆7.87

4.25 3.94 3.92 3.97 5.47 1.39 0.88

Italic numbers are standard deviations, bold numbers indicate the better of the global and single market
values, bold italic identifies the best value on each line, and ⋆ denotes that where these comparisons are
significant at the 95% level. The charges on profit rise linearly from M0 (10%) to M4 (50%). In the case of
the ll markets, these are the figures from which charges start.

Note that in a single market it makes no sense for traders to move since there is no market to move to or
from. As a result, figures for mobile and stationary traders are the same.
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Table 5: Coefficient of convergence for markets with zip traders in single-market and multiple-market sce-
narios.

multiple markets
single market

M0 M1 M2 M3 M4 global

cda

Mobile

Fixed 8.58 8.67 9.10 8.95 8.93 9.67 ⋆4.54

4.26 4.63 4.89 5.18 5.68 2.26 2.01

zip 8.04 8.02 8.11 7.92 7.92 9.32 ⋆4.00

4.14 4.36 4.52 4.60 4.43 2.17 2.02

Free 8.41 8.40 8.28 8.21 8.17 10.16 ⋆3.96

3.99 3.83 3.83 3.88 3.89 1.97 2.24

Stationary

Fixed 7.09 6.69 6.86 6.84 7.87 14.47 ⋆4.54

4.21 3.79 3.95 3.80 6.49 3.39 2.01

zip 6.14 6.07 6.99 6.24 6.18 13.58 ⋆4.00

3.58 3.45 6.00 4.20 3.57 2.92 2.02

Free 7.60 7.06 7.97 7.89 7.20 16.53 ⋆3.96

4.22 4.09 5.24 4.28 4.03 4.59 2.24

ch

Mobile

Fixed 5.09 5.28 5.31 5.52 5.56 6.22 ⋆ 2.87

3.12 3.37 3.69 4.05 4.38 1.62 1.65

zip 5.02 5.05 5.19 5.33 5.39 6.22 ⋆2.78

3.69 3.71 3.78 3.91 4.09 1.85 1.55

Free 5.50 5.47 5.54 5.49 5.58 6.46 ⋆2.81

3.64 3.61 3.64 3.61 3.64 1.71 1.57

Stationary

Fixed 3.43 3.94 3.42 3.85 3.91 15.45 ⋆2.87

2.32 3.28 2.40 2.95 3.36 4.16 1.65

zip 2.74 3.09 3.11 2.80 2.68 9.66 ⋆2.78

1.87 2.16 2.29 1.96 2.02 3.01 1.55

Free 3.77 4.23 4.06 4.05 3.71 13.44 ⋆2.81

2.56 3.47 3.20 2.77 2.69 3.76 1.57

Italic numbers are standard deviations, bold numbers indicate the better of the global and single market
values, bold italic identifies the best value on each line, and ⋆ denotes that where these comparisons are
significant at the 95% level. The charges on profit rise linearly from M0 (10%) to M4 (50%). In the case of
the ll markets, these are the figures from which charges start.

Note that in a single market it makes no sense for traders to move since there is no market to move to or
from. As a result, figures for mobile and stationary traders are the same.
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Table 6: Coefficient of convergence for markets with re traders in single-market and multiple-market sce-
narios.

multiple markets
single market

M0 M1 M2 M3 M4 global

cda

Mobile

Fixed 15.23 15.68 14.74 12.78 12.67 ⋆14.59 17.04
2.67 5.39 8.88 9.56 9.62 1.29 1.44

zip 13.92 13.63 14.14 13.59 13.82 14.27 ⋆13.05

4.35 4.96 5.14 4.96 4.97 1.30 1.39

Free 15.19 15.70 15.45 15.42 15.46 ⋆14.93 15.96
5.05 4.96 5.78 5.36 5.76 1.30 1.29

Stationary

Fixed 14.96 14.72 16.71 14.44 14.37 ⋆14.77 17.04
5.46 5.80 7.10 5.35 5.31 1.21 1.44

zip 15.37 16.28 14.30 15.90 14.38 16.85 ⋆13.05

7.78 7.16 6.16 6.40 5.09 1.90 1.39

Free 16.38 15.38 15.45 17.27 17.24 ⋆15.85 15.96
4.86 5.36 5.10 7.90 6.83 1.60 1.29

ch

Mobile

Fixed 6.53 6.97 7.74 7.54 7.32 5.21 ⋆2.34

3.83 5.05 6.66 6.57 6.14 1.54 0.76

zip 6.56 6.95 7.11 6.97 6.65 4.92 ⋆2.50

4.72 5.17 5.06 5.48 5.44 1.25 0.85

Free 7.14 7.51 7.47 7.50 7.29 6.49 ⋆2.29

4.58 4.70 4.73 4.60 4.65 1.46 0.64

Stationary

Fixed 7.94 7.81 6.61 8.34 6.19 9.28 ⋆2.34

4.97 4.31 4.02 5.73 4.73 2.90 0.76

zip 10.76 9.59 9.34 10.36 9.23 12.35 ⋆2.50

7.23 6.78 6.28 7.18 5.19 3.33 0.85

Free 6.91 7.48 8.69 8.96 8.11 9.70 ⋆2.29

4.75 4.25 5.52 6.33 4.69 2.43 0.64

Italic numbers are standard deviations, bold numbers indicate the better of the global and single market
values, bold italic identifies the largest value on each line, and ⋆ denotes that where these comparisons are
significant at the 95% level. The charges on profit rise linearly from M0 (10%) to M4 (50%). In the case of
the ll markets, these are the figures from which charges start.

Note that in a single market it makes no sense for traders to move since there is no market to move to or
from. As a result, figures for mobile and stationary traders are the same.
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Profit Fees: Profit Fees: Profit Fees:
5%, 10%, 15%, 20%, 25% 10%, 20%, 30%, 40%, 50% 15%, 30%, 45%, 60%, 75%

Day Number of Traders Efficiency Number of Traders Efficiency Number of Traders Efficiency
1 - 50 20.93 93.52 20.62 93.33 22.39 95.01

51 - 100 21.93 94.20 22.43 93.92 26.20 95.31
101 - 150 22.86 94.32 23.79 94.19 28.83 95.40
151 - 200 23.03 94.66 24.89 94.45 30.86 95.69
201 - 250 23.74 94.82 25.77 94.63 32.40 95.68
251 - 300 24.08 94.86 26.55 94.66 33.55 95.68
301 - 351 24.27 94.93 27.10 94.57 34.52 95.91
351 - 400 24.22 94.95 27.69 94.78 35.27 95.92

correlation: 0.97 0.96 0.98

(a) cda

Profit Fees: Profit Fees: Profit Fees:
5%, 10%, 15%, 20%, 25% 10%, 20%, 30%, 40%, 50% 15%, 30%, 45%, 60%, 75%

Day Number of Traders Efficiency Number of Traders Efficiency Number of Traders Efficiency
1 - 50 20.86 95.73 22.03 95.44 22.82 95.89

51 - 100 22.26 96.39 25.48 96.13 27.06 96.43
101 - 150 22.98 96.63 27.80 96.49 29.96 96.77
151 - 200 23.56 96.80 29.59 96.64 31.99 96.80
201 - 250 24.38 96.82 30.72 96.72 33.49 96.92
251 - 300 24.70 96.92 31.66 96.77 34.66 96.96
301 - 351 24.90 96.94 32.48 96.82 35.50 97.09
351 - 400 25.55 96.98 33.25 96.83 36.03 97.11

correlation: 0.95 0.97 0.98

(b) ch

Table 7: The correlation between global efficiency and the number of traders in M0 for zip traders in markets with fixed charges.
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Profit Fees: Profit Fees: Profit Fees:
5%, 10%, 15%, 20%, 25% 10%, 20%, 30%, 40%, 50% 15%, 30%, 45%, 60%, 75%

day Number of Traders Efficiency Number of Traders Efficiency Number of Traders Efficiency
1 - 50 20.93 96.46 20.62 96.79 22.39 97.05

51 - 100 21.93 96.26 22.43 96.86 26.20 97.41
101 - 150 22.86 96.27 23.79 96.96 28.83 97.53
151 - 200 23.03 96.43 24.89 97.28 30.86 97.62
201 - 250 23.74 96.47 25.77 97.28 32.40 97.62
251 - 300 24.08 96.47 26.55 97.33 33.55 97.70
301 - 351 24.27 96.61 27.10 97.33 34.52 97.83
351 - 400 24.22 96.47 27.69 97.44 35.27 97.90

correlation 0.51 0.96 0.98

(a) cda

Profit Fees: Profit Fees: Profit Fees:
5%, 10%, 15%, 20%, 25% 10%, 20%, 30%, 40%, 50% 15%, 30%, 45%, 60%, 75%

day Number of Traders Efficiency Number of Traders Efficiency Number of Traders Efficiency
1 - 50 20.86 97.89 22.03 98.18 22.82 98.56

51 - 100 22.26 98.02 25.48 98.54 27.06 98.86
101 - 150 22.98 97.95 27.80 98.73 29.96 99.05
151 - 200 23.56 97.57 29.59 98.82 31.99 99.13
201 - 250 24.38 97.76 30.72 98.85 33.49 99.16
251 - 300 24.70 97.26 31.66 98.88 34.66 99.25
301 - 351 24.90 97.13 32.48 98.98 35.50 99.25
351 - 400 25.55 97.33 33.25 98.97 36.03 99.27

correlation -0.80 0.99 0.99

(b) ch

Table 8: The correlation between the efficiency of M0 and the number of traders in M0 for zip traders in markets with fixed charges.
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(a) Markets charging, left to right, 5%, 10%, 15%, 20% and 25% profit fees
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(b) Markets charging, left to right, 10%, 20%, 30%, 40% and 50% profit fees
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(c) Markets charging, left to right, 15%, 30%, 45%, 60% and 75% profit fees

Figure 5: Number of traders and efficiency for zip traders in ch markets with fixed charges on profit
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(a) Markets charging, left to right, 5%, 10%, 15%, 20% and 25% profit fees
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(b) Markets charging, left to right, 10%, 20%, 30%, 40% and 50% profit fees
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(c) Markets charging, left to right, 15%, 30%, 45%, 60% and 75% profit fees

Figure 6: Number of traders and efficiency for zip traders in cda markets with fixed charges on profit
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tables provide results for the three different charging schemes. The results in these tables are provided in
terms of the average not only across the 100 repetitions, but across sequences of trading days — the 400 days
are broken into 50-day sequences to allow us to see how values change over time. Figure 5 and Figures 6
provide another view of the same data. These figures plot the average daily values of efficiency (dark color)
and the number of traders in market M0 (light color).

In all cases, we see that there is indeed a strong relationship between the efficiency of both M0 and the
global market and the number of traders in M0 — in most cases the correlations between efficiency and
trader numbers are very strong. However, what we are observing is not simply all the traders heading over
to M0 since, as Tables 7 and 8 plainly show, even at the highest fee levels, most of the traders are not in M0

at the end of the experiment. In addition, note that for the lowest charging combination, there is a much
reduced correlation between the efficiency of M0 and the number of traders in the market. Indeed, for the
ch, there is actually a negative correlation. Despite this, the efficiency of the global market is positively
correlated with the number of traders, so what is happening here is that more traders are being attracted to
M0 causing the efficiency to decrease, but the overall efficiency of the global market to increase. Again, this
suggests that what is happening here is more complex than just all the traders heading to M0 and turning
it into an approximation to the global market.

5 Discussion

An explanation for the effects that we see is provided by Figure 9. This compares one typical set of supply
and demand curves for the final trading day of five parallel cda markets, all of which charge. The difference
between the two sets is that in one the traders are allowed to move, while in the other they are stationary.
Whereas in the markets with stationary traders the numbers of intra-marginal traders (to the left of the
intersection between supply and demand curves) and extra-marginal traders (to the right of the intersection)
are fairly well balanced, as one would expect of a random allocation of private values, this is not the case
in the markets with the mobile traders. In these latter markets the traders have sorted themselves so that
market M0 has no extra-marginal buyers, market M2 has no extra-marginal traders at all, M4 has no intra-
marginal traders, and M3 has virtually no intra-marginal traders. Since, as [42] points out, the reason that
cda markets lose efficiency is because of extra-marginal traders “stealing” transactions from intra-marginal
traders (who for a given transaction will, by definition, generate a larger profit), the segregation that we
observe will lead to increased efficiency. In addition, as we observed in [21], charges have the effect of
prodding traders that aren’t making profits — and so are not adding to the efficiency of a given market —
to try different markets, allowing markets to rid themselves of unproductive traders.

In ch markets, of course, extra-marginal traders cannot “steal” trades away from intra-marginal traders
(at least not if they make rational offers). However, the movement of traders can still increase profits by
allowing a trader that is extra-marginal in one market to become intra-marginal in another. Again, this
behavior is encouraged by the combination of the market selection strategy and the charges imposed by the
markets.

Finally, we should note that the efficiencies of the individual markets and the global market are rather
low, and the coefficients of convergece are rather high, compared with those often reported for the trading
strategies we use (in contrast the single market values are much the same as one would expect). We attribute
this, at least in part, to churn. When a trader moves from one market to another, any learning it underwent
in the old market about how to make offers is no use any more, and may even be detrimental. Similarly, the
influx of new traders into a market can invalidate the learning previously undertaken by traders that have
not moved. This means that offers are made away from equilibrium, pushing the coefficient of convergence
up, and in turn this means that extra-marginal traders can trade, pushing efficiency down.

6 Conclusions

The main conclusion of this paper is that while dividing traders into multiple markets leads to a loss of
efficiency and an increase in the coefficient of convergence, these changes are reduced when traders are
allowed to move between markets in search of greater profits. In addition, this movement is encouraged by
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the imposition of fees on the traders, meaning that markets that charge show smaller loses of efficiency and
lack of convergence than markets that do not charge.

This result holds because the movement of traders between markets serves to segment those markets.
Since the movement is profit-driven, traders migrate towards markets that allow them to make good trades,
and overall this increases the total profits of the set of markets, increasing the global efficiency. This effect is
sharpened by the application of fees since these tend to reduce profits and so further discourage agents from
remaining in markets that are unprofitable for them. A similar effect reduces the coefficient of convergence
when traders move. Since traders move away from unprofitable markets, it tends to be the extra-marginal
traders that move, and these tend to be the traders that make offers further from the theoretical equilibrium.
Removing the possibility that these traders make offers that are accepted reduces the overall distance of
accepted offers from the theoretical equilibrium and reduces the coefficient of convergence.

Our current work extends the investigation reported here. We are examining: the robustness of our
results against traders who use different algorithms to do market selection12; the effect of different levels of
charging on the changes in efficiency that we observe; and the influence of network effects, such as restrictions
on the mobility of traders, on the effects that we observe here.
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Table 9: Example final day supply and demand curves for the fixed charging cda markets (a)–(e) with stationary traders and (f)–(j) with mobile
traders.
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