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Abstract— We present a real world application that models a Il. PREVIOUS WORK
financial futures market. The agent-based simulation inclaes A. Agent-based simulations
speculator agents each of which uses a Genetic Algorithm
to improve its profitability in the market. This is a realisti Understanding financial markets is a complex task. Trying
simulation whose rates-of-return distribution is similar to those to extract particular features of a market into a tractable
of real futures markets such as com and FTSE100 futures.  mpathematical model inevitably means losing other esdentia
th'ThIe fulturfes dn:a_rlkets dha;\r/]e m?vefl tt’.efo“? beend stimutlat;adthto features, making it hard to build up a complete picture of

IS level O etall, an € Simulation IS use 0 t(es e . . .
long-held belief that speculators are more profitable if thg market behawou_r. To try to study market mteractl_ons a'_"d
incorporate “hedging pressure” into their price calculations €mergent behaviour, researchers use computer simulations
— essentially, the use of market knowledge about supply and that allow independent “agents” to trade with each other via
demand. Surprisingly, we show that hedging pressure cannot an artificial marketplace. For review of agent-based work in
be used to improve profits for speculators. finance and economics, see [15] or [1]. These simulations

allow researchers to conduct controlled experiments, some
thing that is impossible in real financial markets.

|. INTRODUCTION There are many of these artificial markets. One of the most
studied is the Santa Fe Atrtificial Stock Market [2], [14]. $hi

Futures markets are a long-standing and essential part €S agents that make price predictions using a variety of
the financial world. Futures trading volume has increased!es, with each rule only applying in certain market condi-
substantially as organisations become more sophistidatedtions. Agents can choose between a risky asset and a risk-

their management of risk and as speculators try to cash i€ asset, and evolve their rules using a genetic algorithm
on the resulting supply and demand. Closely related to the Santa Fe Institute, BiosGroup Inc.

developed an agent-based model of the NASDAQ market that

The price of a futures contract in the real world is luding th f reinf l . ith i
rarely equal to the theoretical expected future spot price cluding the use of reinforcement fearning within age s [
Chiarella and lori [6] create a very simple agent-based

given by the cost-of-carry model (see [11]). Prices can Var|¥1odel that is designed to examine market microstructure.

either side of this theoretically “correct” price accorglito N . .
y P g «.. The results indicate that fundamental, technical and noise

current market sentiment; these variations are known ak “ri -
. ) : .. traders are all necessary to generate realistic market be-
premia”. There is no consensus on the precise composition Of . . :
haviour — this seems to back up the results in [10], and

these premia, but previous work (e.g. [12], [3]) has anaiysewe include all three types of agent in our simulation
historical data and found that systematic risk and hedging typ 9 ; Lo
Some attempts have been made to simulate derivatives

pressure (an excess of supply or demand caused by “hedgers

— underlying producers and consumers) seem to play a par arkets. Most notably, King et al [13] (building on [17])
i ying p ) P y P attempt to simulate an options market. De la Maza and Yuret
In this paper, we explore hedging pressure using

: i : ] specifically simulate a futures market, creating a model
evolutionary agent-based simulation of a futures mark

- > o ith futures contracts that always expire the following .day
This approach introduces the possibility of feedback betwe 5

; ! ents maintain their own strategies, some of which are
competing agents, and thus goes beyond any Stra'ghtforw‘i‘figible to other agents and some of which are not, and these

analysis of historical data. The simulation contains a@engtrategies evolve over time using a genetic algorithm. The

representing hedgers and speculators (see Section It), afarket here is very simplistic, and the primary intereshis t
tries to evolve accurate pricing rules — that is, pricing,eterogeneous nature of the agents, and specifically whethe

rules that can take account of any risk premiums present jis possible for some agents to be consistently profitable.
prices — using a genetic algorithm. The simulation produces

a returns distribution similar to real futures markets, an§- Hedging pressure in futures markets

exhibits clear signs of price pressure caused by hedgersHedging pressure is an excess in supply or demand,

However, examination of the price predictions made bgausing futures prices to deviate from expected spot prices

various pricing models in the simulation shows that thdraders expect to earn (or pay) risk premia according to the

models that try to account for this hedging pressure are raxcess [9], but the composition of these premia is unknown.

more accurate than the models that do not. Bessembinder [3] finds evidence that hedging pressure is
a determinant of premia in some futures markets. [9] use

. , a similar model and suggest that risk premia depend on
The authors are with the Department of Computer Science, Un

versity College London, Gower Street, London WC1E 6BT (émai hedglng pressure not Only from the underlylng market, but
clack@cs.ucl.ac.uk). also from other related futures markets.



These studies rely on straightforward mathematical anak. Pricing futures: the cost-of-carry model

ysis of historical futures returns. The results suggest tha |4 simplest model of futures pricing is called thast-of-

taking hedging pressure into account on a day-to-day bagi§y model(see [11]). This model states that a future should
could lead to better price predictions and hence greatgh nriced so as to prevent profitable arbitrage opportunitie
proflt_ for speculat(_)rs. However, exP'O”r_‘g the eﬁepts For example, it would be possible for a trader to buy the
hedgln_g pressure in day-to-day ”ad'”g IS not p053|blg_ lWnderlying asset now, and also take out a futures contract
analysing historical data: the only available data degili 55 eeing to sell that asset at a particular price at somé jpoin
the proportion of hedgers in futures markets are of weekly,q frre. The price on the futures contract should theeefo
granularity, and only cover U.S. markétsn addition, if & agect the cost of buying the asset and and storing it uril th
large proportion of speculators were to make predictiong, iy of the future, else a trader could lock in a guaranteed
and thus trades, while accounting for hedging pressurs, 'tﬂJrofit. (Agreeing to sell the underlying asset is known as
possible that any hedging pressure effects would be reduc%iking ashort position: an agreement to buy the underlying

or disappear altogether. , . asset is known as lang position.)
In order to explore hedging pressure in more detail we

have therefore attempted to create an agent-based siamulats. Futures in the real world

of a futures market, containing _agent_s rep_resentmg both 1) Risk premiums and futures speculatiom the real

hedgers and speculators. The simulation will allow us to ; . .
world, futures prices do not follow the theoretical pricds o

examine the effect of hedging pressure on daily price Pr%he cost-of-carry model. The time gap between the buying

dictions, made without hindsight, and also to see if price : .
) . r selling of a contract and the expiry of that contract
feedback from interactions between traders would negafte

: . introduces uncertainty. This uncertainty means that &sgur
any advantage that accounting for hedging pressure ma}/ices include so-calledisk premiums which depend on
yield. This information would be of help to the manyIO P » P

speculators who make regular updates to their positions aFlhae current market sentiment. For example, if the market

4 . ” : IS"unsure about the future availability of the underlying
are constantly engaged in an “arms race” to gain morée .

S asset, there will be more demand for long futures contracts
knowledge of the market than their rivals. These specuiatoglS manufacturers trv to guarantee their future supply. This
often use models that build up a view of the market from ytog PP

many different factors, and if hedging pressure could bdemand drives up futures prices. Speculators try to aatieip

shown to be a useful addition to any such model, then G,'V(it‘:f;'1IS market sentiment, taking out long futures positionha

ope of profiting from the rising prices.
weekly updates on hedger numbers would be of value. Speculators use many different strategies to try to predict

1. FUTURES CONTRACTS price movements: some rely on mathematicaltémhnica)

Futures are an example of a financial instrument knowdnalysis of price series; some look at real-world data such
as aderivative whose value is derived from an underlying@S 1€Vels of employment or interest rates (knowrfuada-
asset. Afutures contract(or “future”) is a contract, traded MeNtaly; many use a combination of the two.
on a futures exchange, to buy or sell that underlying asset at2) TyPes of traders in real marketdn most real futures
a certain date in the future, at an agreed price markets, spe_culators (.)ut_number. hedgers. The Commaodity

Futures originated as a mechanism for producers to lo&itures Trading Commission publishes weekly surveys of the
down a price for the future sale of goods that they had né@ture of every trader holding a position in any U.S. futures
yet produced; and likewise for consumers to lock down g'arket. Traders are classified as commercial (i.e. hedgers —
price for goods that they intended to buy in the future. Sdraders with real interest in buying or selling the undertyi
for example, a wheat farmer can decide how much to plagfSet) or non-commercial (i.e. speculators). For an irtrdep
without worrying that a shift in wheat prices will leave himStudy Of the way futures traders behave, see [18].
out of pocket or unable to sell; and a miller can guarantee 3) Futures trading: In a real futures market, contracts
a supply of wheat and remove worries that changing pricé@th_ various different expiry dates_ will be available f<_3r
will leave him unable to afford the quantity he requires. trading. However, at any particular time, most of the tradin

A future can therefore be used to reduisk for one or Volume will be in only one of those contracts; usually, the
both parties in the contract; a process knownhasiging ~contract that is closest to expiry. As the expiry date of that
Hedging creates demand to buy and sell futures contracE@ntract approaches, speculators and other traders who do
which allows traders known aspeculatorsto take positions NOt wish to hold their positions until expiry will get out of
in the futures market with no intention of ever buying orfth0S€ positions, and take up similar positions in the next-
selling the underlying asset—they hope to profit by taking€arest contract._Th|s movement from one contract to anothe
on the risk offloaded by the hedgers. is known as “rolling”.

4) Back-adjustmentFor technical pricing models, traders

1The Commodity Futures Trading Commission's weekly Commeittrof  need a continuous historical price series, without neetting

Traders reports. account for the fact that the prices are for different fusure
Futures are specifically those contracts traded on a futexebange; contracts and thus not directly comparable. They therefore

any other agreement between two parties to buy or sell at paing¢ in the : )
future is called dorward contract. transform the prices by a process calleatk-adjustment



Going backwards in time, at the point of “rolling over” 2) Hedgers: Hedger agents are eithang or short and
the price difference between the old and new contract @nly take positions on that side of the market. They place
calculated. This adjustment is then added to all the pricesders at random intervals, with some hedgers trading more
for the previous contract. This process then continues withequently than others, and buy or sell a fixed quantity in
the adjustment being accumulated with each contracthiee. teach trade. They always hold their positions to the expiry of
difference between the two contracts on the next roll day & contract, because they are in the market with the intention
added to the current adjustment, and then that is applieltl to af making or taking delivery of the underlying.
prices from that day backwards, and so on, to the beginning3) Speculators and pricing modelsSpeculator agents
of the price series. make price predictions using a weighted average of thegrice

5) Orders: A real market usually allows many different predicted by four simple pricing models, and make trades
types of order to be placed. The most commonly used ordgpgsed on those predictions. The four models are: a simple
are called limit orders and market orders. technical strategy (linear extrapolation); the standawdt-c

A limit order is an order where a trader can specify ®f-carry model; the technical strategy with an adjustment
“limit” price, and know that the order will only be executedmade to account for the number of hedgers in the market;
if the execution price is at least as good as that limit pricétnd the cost-of-carry model with the same adjustment. The
Limit orders also have a “size”, specifying the number ofdjustment assumes that when long hedgers are in the
contracts offered or desired at that price. Limit ordersug b majority, the price will be driven higher, while a majority
are calledbids limit orders to sell are known assks of short hedgers will push the price lower; in other words,

Limit orders are stored by a mechanism known asmier it attempts to account for hedging pressure.
book The order book keeps track of all limit orders placed, The total number of hedgers in the market is constant, but
ordered by how competitive the prices are. This puts thi&e number of long and short hedgers varies throughout the
highest bids and the lowest asks at the “top” of the ordefimulation, with either long or short hedgers always in the
book. The highest bid at any time is known as the “currerfajority. A speculator always has up-to-date knowledge of
bid”, and the lowest ask is the “current ask”. A limit orderthese numbers, but not of trades made or positions held.
will expire, i.e. be removed from the order book, after a set 4) Market microstructure and futures contractggents
length of time if it has not been executed. can place limit and market orders. Limit orders are stored in

A market order is an order to be executed immediatel" order book. Each agent has a level above (below) their
at whatever price is currently available; in other worde thpredictions at which they are willing to place market orders
order will be matched against the limit orders currentlyeto 0 sell (buy). If the current bid (ask) is below (above) this
in the order book. If a trader places a sell (or buy) markdirice, then the agent will instead place a limit order at that
order of a size greater than the size of the current bid (d¥ice. This methodology is taken from [6].
ask), then the order book will continue matching against the 5) Rules and Evolution:
bids (or asks) until the market order has been filled or until Agent rules:Each speculator agent forms price predictions
there are no more bids (or asks) remaining. by using a set of rules that match market conditions to
combinations of their four pricing models. These rules are
loosely based on those used in the Santa Fe Artificial
Stock Market [2]. The state of the market at any time is
characterised using a set of seven true-or-false statesment

A. The simulation 1) Current futures price- 5-day moving average

The simulated futures market contains agents representindé) Current futures price- 10-day moving average
) Current futures price- 100-day moving average

both hedgers and speculators (as in [4]), as well as “noise"4 c Cfut icor 500-d X
agents that represent traders with no firm strategy and that ) Current futures price- -day moving average

help to provide liquidity. There is no intent to simulate 5) 5-day moving average futures price10-day moving

IV. HEDGING PRESSURE IN AN AGENT
BASED SIMULATION

any specific real-world market. Rather, the simulation is ?\(/)eéage . fut i56100-d
merely a generic futures market; the actual underlyingtasse ) ing- a?/irgggmg average futures price100-day mov-

is unimportant for the purpose of this work.

1) TimestepsThe simulation runs over a series of discrete & g:g;?gitn;u:g rfjstr_)gﬁ Z;ﬁiﬁﬁd future spot price
timesteps; each timestep can be thought of as representing i o o
one “day”. To avoid having to simulate a market in the unf\t €ach timestep, a seven-bit binary string is generated
derlying asset, the spot price (i.e. the price of the undrgly Summarising the current market state, with gor a true
asset for immediate delivery) begins at a particular vaha a condition ando for a false condition. For example, the

is adjusted at each timestep by adding small random quanttjfin9 1000000 would mean the current price must be above
drawn from a normal distribution with low variance. the 5-day average but below all other longer-term averages,
suggesting a sharp recent increase in the futures price.

3(10] and [6] also suggest that such agents help to generafistie Some comblnz_;\tlor_ws of bits can never occur. For example,
market behaviour. if the current price is below the 5-day average but above



the 10-day average, then the 5-day average must be abogplaced by a new rule, formed by recombining of a pair of
the 10-day average. After taking all such impossibilitie®i rules from the global pool of parents. Recombination happen
account, there remain 72 possible market states. as follows: first, a new bit string will generated using unifo

To make predictions, speculators search through theirossover on the parent bit strifgsext, the floating point
ruleset looking for rules that match the current market comumbers representing the weights will be crossed over using
ditions. In every rule, each market characterisation state  an accuracy-weighted average of corresponding value®in th
is associated with d@, a0 or a#: a 1 means that the two parents; and finally, the accuracy value of the child will
statement must be true for the rule to matzimeans that the be the average of the accuracy of the parents.
statement must be false for the rule to match, #ndeans Finally, the agent’s rules may be mutated, i.e. changed
that the statement is ignored (i.e. a “don’t-care” symbol¥slightly at random. For the bit string, each bit will be chadg
For example, the market condition string00000 would be with a probability of 0.02; any bit to be changed has an
matched by the rules00#00#, #000000, and1#0#0##, but equal chance of changing to either of the two values to
not by 100010# or 00#0000. Each agent will be required which it is not currently sét The weights are mutated by
to include an ali rule that matches regardless of currentcreep” mutation with a probability of 0.02. Any weight to be
market characteristics, so that an agent always has at leasitated is changed by adding a number drawn from a normal
one rule with which it can make a prediction. distribution with variance 0.02. The weights are renorsedi

A rule then associates particular market conditions with ® 1 after mutation.
set of four weights. Each weight corresponds to a particular If models that account for hedging pressure do indeed
pricing model. Also associated with each rule is a measutead to a sustained improvement in prediction accuracy the
of the accuracy of that rule, tracking whether the rule hasiles that give greater weighting to these models would be
historically made accurate price predictions. expected to emerge as dominant in the population. In the

At the start of the simulation, all values except accurackeal world, traders learn from their mistakes and changie the
will be initialised randomly; accuracy will be set to 0. Thetrading methodology over time. A pricing model that yields
four weights will each initially lie in the rang€0, 1], and consistently poor results is unlikely to be used for veryglon
then will be normalised to sum to 1. In analagous fashion, speculator agents in the simulasen u

Overall, a speculator agent consists of fifty of thesevolutionary methods to try to adapt their pricing models to
rules, which should be sufficient to cover a good rangproduce more accurate predictions.
of market states and model weightings without being too 6) Main loop: Each timestep of the simulation proceeds
computationally intensive, and the allrule. Each rule has as follows:

seven market-characterising bits, four floating point nareb 1) ypdate the accuracy of rules that matched the market
representing the weights associated with each pricing mode  ¢onditions in the previous timestep, by comparing their
and a floating point number for the accuracy of the rule. predictions with the actual price generated.

Evolution: A genetic algorithm is used by the speculators 2; Get market conditions for this timestep.
to try to improve their rules over time by discarding his- Go through all the agents in random order and ask each
torically inaccurate rules and generating replacements fr one to make trades given the current market conditions,
combinations of accurate ones. The evolutionary process is, price history and order book.

— ) » Get the latest price quote from the order book and add
similar to that used in the Santa Fe Artifical Stock Market to the historical price history.

[2]. 5) Randomly decide whether to switch between a majority
As the simulation runs, the accuracy of the price pre- of long hedgers and a ma'oritl of short hedgers.
dictions is monitored. After a sufficient period of time, 6) If necessary, tell the order book to introduce a new con-

it is possible to identify those rules that are consistently _ tract, and apply back-adjustment to historical prices.
inaccurate, and those rules that never get used. Agentgeevol /) If necessary, go through the evolutionary process ad-
by removing such rules and trying new rules in their place, g {Kggng gr]neaﬂulgﬁ%tgn?f\/ghr%ﬁgﬁ%I?rtq%r ?gﬁnﬁi’ce.
using the process of selection, recombination and mutation 93 Proceed to the next timestep.

Selection happens by first creating a pool of every rule
used by every agent, and ranking them according to accB- Measurements

racy’. The top 20% of this entire set of rules, i.e. the most 1) Pricing model weightsAgents make price predictions
accurate global 20% of rules, are then used as a pool frofy taking a weighted average of the prices predicted by their
which parentsare selected. _ four models. If the model combinations were random, the
Each agent then evolves independently. An agent will firgfyerage weight of each of the four models across all agents
discard the worst 20% of its rules. Each of these rules i§qyId be%. However, the evolutionary process will favour

“4A rule corresponding to market conditions that have neveuwed is models that produce accurate predictions at the expense of
deemed to be of lower accuracy than a rule that has matchedies,
no matter how inaccurately. This ensures that rules thahever used get ~ >“Uniform” crossover means that each bit in the new bit strig be
eliminated. The warmup period at the start of a simulatiorkesasure that a corresponding bit from one of the two parents, chosen atoranwith
a good variety of market conditions are generated before emmjution  equal probability.

happens, giving rules every chance to be tested. SFor example, if a bit is currently, it could change to eithe® or #.



less accurate ones, so it would be expected that any moreThe total number of agents in the simulation was chosen to
accurate model would, over time, emerge with a higher-thalve 100. This produces a good variety of strategies, gives the
average weight. To monitor this, the weights used to makmarket sufficient liquidity, and keeps the running time dof th
predictions at each timestep are collected for later aisalyssimulation at a practical level. It is comparable to the nemb
It would be reasonable to expect a pricing model to be mo# agents used in similar work, e.g. [2], [16]. Running the
successful under some market conditions than under othesgnulation with 150 agents produced almost identical tesul
Information about the market conditions at each timestélp wiand reducing the number to 50 had little effect.
therefore be collected alongside the weights used.

2) Processing of resultsThe results will be collected B. Evolution
from simulations run for 28,000 timesteps — see Section

V-A. There will be a warmup period to give the simulation .. . o .
time to generate a wide variety of market conditions tgstinlatlon' The evaluation of pricing models depends on the idea
' that inaccurate rules will get discarded and better onels wil

as many rules as possible before the evolutionary process . .
beai y P . : Y proc € found. It was decided that agents would evolve simulta-
egins. After that, the main part of the simulation will

, : : . neously: every 2,000 timesteps the simulation is integdpt
commence, with evolution happening at regular mtervalsaind every agent updates (evolves) its ruleset. Changisg thi
Finally, the results will be collected in a “warmdown” petio Yy ag P ) 9189

of each simulation run, during which evolution will halt, so that agents have a 1 in 2,000 chance of evolving at every

. . ) . ) timestep had a noticeable effect, but did not significantly
keeping the set of trading rules fixed in each agent; at eachnange the overall conclusions. It is likely that any difiece

timestep during this period, every rule that a speculates us’®

- . . as due to a faster rate of change, as accurate rules will
to make a prediction will be stored, along with the marke u S .
- . e capable of “reproducing” sooner, and thus will come to
conditions for that timestep.

ﬂominate the parent pool more rapidly.

The processing of these results for later analysis will the : i
proceed as shown in Figure 1. The rules will be examined 't May be that the success of a particular model will vary

to find the ten most accurate speculator agents, i.e. tyer time. Fo_r examp_le, asa model becomes dom'F‘a“.‘ (ie.
ten speculators whose rules were most accurate on averages & much higher weighting than the other models), it will be

The complete set of rules used by these agents will thd ding m_ostly against itself, which iF may find more difficul
be collected together. This set of rules will be separate an trading against others and so its accuracy will deereas

according to the market conditions at the timestep when eaéﬂd allow other models to re-emerge.

rule was used, so that all the rules used when the market wasl "€ fitness of a rule is based on its historical accuracy.
in a particular state are together. Each rule stores a number representing this accuracy; the

Now we take the set of rules for a particular markeFma”er the number, the more accurate the rule. At each

condition. Each rule contains four numbers which are th@mestep, any rule that matched the market conditions at
weights given to each pricing model. For each pricing modeiat timestep will update its accuracy by taking a weighted
the set of weights for that model from all rules in the set i§Verage of two numbers: the previous accuracy measurement;
averaged, to give us a final set of four numbers, one for ea@fid the absolute difference between the rule’s predictiee pr

model. This is done for every market condition, resulting iftnd the actual price from the simulation. After some experi-
four numbers for each of the 72 market conditions. For arf€ntation, it was found that making one weight substatiall
one experiment, 50 such simulations will be run, to give igher or lower than the other did have a significant effect

final total of 288 (72 market conditions 4 pricing models) ©N '_[he results. For the_simulations described he_re, it was
50-element vectors. decided to make the weights equal. The length of time taken

for a change in the quality of a rule’s predictions to be
V. PROPERTIES OF THE EVOLUTIONARY reflected in the accuracy measure depends on these weights;
SIMULATION this choice balances the conflicting desires to have acasac
A. Parameter choice and sensitivity as up-to-date as possible and yet not entirely ignore liisior
The warmup period had to test as many market conditiongformation.
as possible, and after some testing, 4,500 timesteps waslhe rules of each speculator are initialised randomly to
found to test over 70 of the possible 72 conditions on averagavoid producing agents that are too similar to each other.
and this was judged to be good enough. The main part of tAdere is therefore no guarantee that the space of possible
simulation was chosen to be 16,000 timesteps, with evalutigules will be well covered. However, testing the simulation
occurring every 2,000 timesteps—while this may not seem twith rules initialised systematically — ensuring good ceve
produce many evolutionary phases, it was found that beyomgde across the rulespace — yielded no difference in results.
this point, the population of rules began to lack diversityThis suggests that there are sufficient rules and agents for
making further evolution ineffective. The warmdown periodandom initialisation to be effective.
was chosen to be 7,500 timesteps, which was easily sufficientThe contracts in the simulation are available for 32 time-
to test the rules that had been produced. This gave a totiéps each with a small overlap between contracts, and can
of 28,000 timesteps per run of the simulation, roughlype thought of as “monthly”. The simulation was also tested
equivalent to 80 “years”. with much longer “biannual” contracts and this did make a

The evolutionary process plays a major role in the simu-
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Fig. 1. Diagram showing the process by which the results of the sitiunl are broken down to a set of 288 50-element vectors for

analysis. See Section I1V-B.2 in the text for an accompangiescription.

noticeable difference, but monthly contracts are a redsdena VI. HEDGERS IN THE MARKET

assumption for a futures market _
A. Hedgers on one side of the market

C. Stability and realism Having shown the simulation approximates some reason-

The simulation must be both stable and realistic: in partiable market, and having gained an understanding of how
ular, the distribution of returns generated by the simatati important the various parameters are and how the simulation
should be similar to those found in real markets. behaves, we can change specific elements of the simulation

The returns distribution of a sample run of the simulatiofin an attempt to tell us something about real markets.
is shown in Figure 2, along with the returns distributions fo The first test was to look at the basic effect of hedgers
various real futures markets. It is clear that the distidng on prices. The simulation was first run with 5 long hedgers
of real markets vary widely. The simulation is probablyand no short hedgers, then with 5 short hedgers and no
closest to the distribution of corn futures. A ranked T-tesiong hedgers. In both cases, the simulation ran for for
comparison of 500 returns with the corn market gives a 5,000 timesteps, without evolution, using 25 speculators
value of 0.44, indicating no significant difference in theotw and 75 noise traders. The resulting back-adjusted prices

markets. for the first case are shown in Figure 3. The graph shows
that, in isolation, long hedgers cause an upward price. drift

Similarly, short hedgers cause a downward price drift. This
- - - is exactly what would be expected according to the definition
of hedging pressure.
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Fig. 2. The rates-of-return distributions for the simulation ¢top ]

left) and for various real futures markets. Each histogrénows
5000 daily percentage returns on identical axes, usingichins.
(Source: Commodity Research Bureau, www.crbtrader.com)
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Fig. 3. Back-adjusted prices for a simulation with only speculstor
noise traders and long hedgers. There is a clear overalt tren

"Real futures markets with monthly contracts include crude gold, upwards, as would be expected.

copper, rubber, eurodollars, live cattle and the Mexicarogé.S. dollar
exchange rate.



B. Equal numbers of hedgers on both sides of the marketover time to allow for possible hedging pressure in both

The next test looked at the overall effect of hedger agen?érecn_ong‘ . he simulati 0 ti f
when there are equal numbers of hedgers on both sidesS In Section VI-A, the simulation was run 50 times for

of the market, minimising any possible hedging pressuftae"’lc_h number of hedgers,_for 28'090 tim_esteps each time.
effects. The simulation was run with a total of 10 hedgeré:,)urlng the yvarmdqwn period the simulation coIIect_ed the

then with 20, 30, 40, and finally 50, always with equal andverage weights given to _the fpur mo_dels (producing 50-
constant numbers of long and short hedgers. This removgﬁargent vectorz asb descnrllaed '3 ISectlon Ir:/-B.Z), and tr;]e
hedging pressure adjustments from the price predictioms. TP ictions made by each model at each timestep. The

remainder of the total of 100 agents was made up of os@yerage weights were then analysed to see which models
speculators and 75% noise traders were given most weight, and the predictions examined to

For each number of hedgers, the simulation was run £pe how accurate each model was and confirm that the most

times (28,000 timesteps each time). All settings were ggcurate models were indeed given most weight.

described in Sections IV and V. During the warmdowrB, Results

period the simulation collected the average weights gieen t

the four models (producing 50-element vectors as describg

in Section IV-B.2), and the predictions made by each mod

at each timestep. Thg average weights were the.n analyse nging pressure are consistently gilessweight than their

see how they were dlstnb_uted betvyeen the pricing moqglscounterparts that make no attempt to account for hedging
For the_ PUrposes of this analy§|s, the market COnd't'orgaressure. This is the opposite of the expected result.

were divided into thr_ee categories, chosen due to cle FAlso apparent is that cost-of-carry models are always given

differences when looking at the results. greater weight than the pure technical models. Howevey, the

Table | gives the average weights for each of the three
tegories (as in Section VI-B) for each possible number of
edgers. The weights show that the models that account for

% ﬁstrong recent downévard trend. are given less weight as the number of hedgers goes up,
3 A%ﬁggg%g@gﬁphgﬁgrd trend. particularly in market condition categories 1 and 3; the los

weight is spread between the two pure technical models.

,With equal numbers of long and short hedgers, the Weighfﬁ market condition category 2, the difference between the
given to the models that account for hedging pressure wefe

. : ; . odels is less, and remains largely unchanged no matter how
roughly equivalent to the weights given to their counteﬁs;;)armany hedgers are in the market
that make no adjustment. '

VIII. CONCLUSIONS DISCUSSION AND
VII. M AIN RESULTS FURTHER WORK

A. Hedging pressure There are two issues here: the quality and efficacy of
the futures market simulation, and the questions surrayndi

Finally, the effect of hedging pressure itself could b . L . .
explored. The aim was to examine whether futures pricZ‘edgllng pressure within that simulation. The overall stre

: . of the evolutionary simulation seems to be adequate toereat
can more accurately be predicted when the proportion of . . . A
vibrant marketplace displaying plenty of liquidity and

hedgers present in the market is taken into account, aneto lowing agents o use a number of different strateqies
if price feedback from interactions between traders ne.lagat?é1 g ager X . gles.
The questions surrounding hedging pressure are harder

any advantage that may accrue. . . .
) . . . I to answer. The results in Section VII-B suggest that in a
The simulation was run many times using differing num-

bers of hedgers. If hedging pressure does have a signific na?rketplace where some proportion of traders are trying

effect on prices, then the models that try to account for this account for hedging pressure effects, those effects do

not exist, and that the traders could probably produce more
effect should be more accurate, and should thus evolve to I . . .

. accurate predictions without making these adjustments.
have greater weight than models that do not take accoun

of hedgers. It would also be expected that when the overzﬁlle d eirne tir;?ofr::gtri]gn;n ?ﬂilSSivr\r/]erl?ciftooailjmglgiotlc;tzxg::?:trt(:((:a
proportion of hedgers in the market is low, the models tha ging i plictty y

. of the pricing models is not what is being tested here:
take no account of hedgers will be more successful than whe ; . . . .
C what matters is whether including an adjustment for possibl

the number of hedgers is high. . L
This can be summed up with the following null h othesishedglng pressure effects produces more accurate pretictio
P 9 yp than when not including this adjustment. In the tests here,

« The number of hedgers in the market has no effect afe adjustment did not lead to even slightly more accurate
the relative success of the models in the simulation. predictions, as might have been expected.

To test this, the simulation was run with 5, then with 10, It is curious that an increased number of hedgers leads to
then 15, 20, 25, 30, 35, 40, 45 and 50 hedgers, with tHewer overall accuracy, and better relative accuracy of the
remainder of the total of 100 agents always made up gfure technical models in comparison to the cost-of-carry
25% speculators and 75% noise traders. The total numbermbdels. Perhaps the most likely explanation is that with
hedgers will remain constant throughout any one simulatiomore hedgers in the market there are fewer speculators, and
but the number of long and short hedgers will vary randomlthus fewer different rules. This would reduce the size of the



TABLE |

simulation indicate that hedging pressure does indeed. exis
RESULTS FOR SIMULATIONS RUN WITH A VARYING NUMBER OF HEDGERSALWAYS

However, the evolutionary framework has demonstrated that
when many competing agents make trades based on price
predictions that take account of hedging pressure, any pos-
sible benefit disappears. The ability to see this feedback
between agents goes beyond any analysis that could be
performed using historical data. Hedging pressure does,exi

but for real-world traders, trying to take account of it is

WITH A MAJORITY ON ONE SIDE OF THE MARKET OR THE OTHER THE TABLE
SHOWS THE AVERAGE WEIGHTS GIVEN TO THE FOUR MODEL$PURE TECHNICAL,
CoST OFCARRY, PURE TECHNICAL + HEDGING PRESSURE AND COST OFCARRY

+ HEDGING PRESSURE IN PREDICTIONS MADE BY THE TEN MOST ACCURATE

SPECULATORS DURING THE WARMDOWN PERIOD THE MARKET CONDITION

CATEGORIES ARE SPECIFIED INSECTION VI-B.

i Market condition category 1 | unlikely to be worth the effort.
| No. hedgers[[ PT [ CoC [ PT+HP [ CoC+HP |
5 0.181] 0.337 | 0.155 0.327 REFERENCES
10 0.171] 0.341 | 0.160 0.328
15 0181 | 0.337 | 0.156 0.326 [1] R. Alexrod and L. TesfatsionA guide for newcomers to agent-based
20 0.180 | 0.343 | 0.150 0.318 modelling in the social sciencesolume 2. Elsevier, 2006.
25 0.187 | 0.323| 0.165 0.325 [2] W. B. Arthur, J. H. Holland, B. LeBaron, R. G. Palmer, andTByler.
30 0.174] 0325 ] 0.171 0.331 Asset pricing under endogenous expectations in an artifeack
35 0.197 | 0.312 | 0.174 0.317 market. In W. B. A. D. A. Lane and S. N. Durlauf, editoiihe Economy
40 0183 | 0.334 ] 0.175 0.308 as an Evolving Complex System Santa Fe Studies in the Sciences of
45 0.189 | 0.328 | 0.174 0.309 Complexity Lecture Notes. Addison-Wesley, 1997.
50 0.198 | 0.314 | 0.183 | 0.305 [3] H. Bessembinder. Systematic risk, hedging pressuriak premiums
Market condition category 2 in futures marketsReview of Financial Studie$:637—667, 1992.

No. hedgers[| PT [ CoC [ PT+HP [ CoC+HP [4] D. Challet, A. Chessa, M. Marsili, and Y.-C. Zhang. Froninority
S 0.224 | 0.302 | 0.195 0.280 games to real marketsJournal of Quantitative Finangel:168—176,
10 0.210 | 0.313 0.195 0.283 2001.

;g 825; 8'333 8'132 8'332 [5] D. Challet and Y.-C. Zhang. Emergence of cooperation @ganization
: : : : in an evolutionary gamePhysica A 246:407-418, 1997.

25 0229 | 0.291 | 0.197 0.284 : - h - - .
%0 5211 T 0302 0.198 5290 [6] C. Chiarella and G. lori. A sm_ulapon analy5|s of the muistructure
35 0759 T 0288 | 0206 0577 of double auction marketQuantitative Flna_nc62:346—35_3, 2002.
20 0216 | 0301 | 0202 0.281 [7] V. I_Darley, A. Out_kln, T._ Plate and F. Gao. Sixteenths onipies? Qbser-
75 0.220 | 0.294 | 0.202 0.284 vations from a simulation of the Nasdagstock marketCémputational
50 0214 | 0.297 | 0.202 0.287 Intelligence for Financial Engineeringl51-154, 2000.

Market condition category 3 [8] M. de la Maza and D. Yuret. A futures market simulation twiton-

No. hedgers|[ PT | CoC | PT+HP | CoC+HP rational participants. In R. Brooks and P. Maes, editdudificial Life
5 0.170 | 0.347 0.156 0.327 IV, pages 325-330. MIT Press, 1994.

10 0.160 | 0.342 | 0.153 0.345 [9] F. A. de Roon, T. E. Nijman and C. Veld. Hedging Pressuried$ in
15 0.174 | 0.332 | 0.160 0.333 Futures Marketslournal of Finance LV(3):1437-1456, 2000.

20 0.173 | 0.352 | 0.156 0.319 [10] J. D. Farmer. Toward agent-based models for investmerin
25 0.184 [ 0.310 | 0.169 0.338 Developments in Quantitative Investment ModéifMR Conference
30 0.172 | 0.331 | 0.174 0.324 Proceedings, pages 61-71, 2001.

35 0.199 | 0.303 | 0.184 0.313 [11] J. C. Hull. Options, Futures and Other Derivative®earson Prentice
40 0.181 | 0.331 | 0.179 0.309 Hall, 6th edition edition, 2006.

45 0.184 | 0.311 | 0.191 0.315 [12] R. Jagannathan. An investigation of commodity futupeises using
50 0210 [ 0.305] 0.185 0.300 the consumption-based intertemporal capital asset gricindel. Jour-

nal of Finance 40:175-191, 1985.
[13] A.J.King, O. Streltchenko, and Y. Yesha. Using muléagsimulation
to understand trading dynamics of a derivatives markénnals of

parent pool and probably make evolution less effective. |t Mathematics and Artificial Intelligencel4(3):233-253, 2005.
id th . K . . h b 4] B. LeBaron. Building the Santa Fe Artificial Stock Matkéwvailable
would t ereiore make sense to try increasing the NUMDET 5t http://people.brandeis.edu/ blebaron/wps.html, 2002
of evolutionary phases as the number of speculators in tfis] B. LeBaron. Agent-based computational finance. In Lsfaesion and
simulation decreases; however, this could introduce other K.Judd, editorsHandbook of Computational Economiaslume 2 of
. d Id k’ . H d b h ei Handbooks in Economicshapter 9. Elsevier, 2006.
ISSUes an . wou m‘_rj‘ € '_t eve_n ‘Ff‘r er to be sure the anaYﬁJ@ M. Roberto, S. Cincotti, S. M. Focardi, and M. Marchesgent-based
of results is comparing like-with-like. simulation of a financial marke®Physica A 299(1-2):319-327, 2001.
; ; ] O. Streltchenko, Y. Yesha, and T. Finin. Multi-agenmsiation
Beyond the scope of this paper_, ther_e are many thl.néy of financial markets. In S. O. Kimbrough and D. J. Wu, editors,
that could pe done to make the §|mU|at|0n more sophisti-  Formal Modeling in Electronic Commerce: Representatianfeience,
cated. Multiple markets could be simulated at once, perhaps and Strategic InteractionSpringer-Verlag, 2004.
; iale. ] C. Wang. The behavior and performance of major typesuairés
alongs.'lde risk free. e}ssets. Agems could thef‘ have a mUEﬁ traders.Journal of Futures Markets23(1):1-31, 2003.
more involved decision-making process, trading a poxfoli
of assets that varies as market conditions change. Tramsact
costs would also need to be much more realistic.
In summary, the intent here was to create an agent-based
evolutionary simulation to allow an investigation of heuolgi
pressure. The futures market produced by the simulation is
significantly more realistic than previous work, and presd
a good base for further work in that area. Previous analysis
of futures has found evidence of hedging pressure in his-

torical price data, and the experiments performed with the



