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INTRODUCTION

Tbe traditional view of market efficiency suggests tbat price incorporates
all available information, so it would not be profitable to trade on tbe
basis of past information. For tbis reason, technical analysis, wbicb is
based on studying past prices and otber information to forecast future
prices, bas not been well received by academics. However, tecbnical anal-
ysis continues to receive wide support from investment practitioners, and
tbe prevailing attitude of academics may also be cbanging after several
empirical proofs suggesting tbat some strategies ean beat tbe market.

Empirical methods for studying financial markets range from ordi-
nary least-square regressions to bigb-tecb computing metbods. Brock,
Lakonisbok, and LeBaron (1992) studied two of tbe simplest and most
popular trading rules, moving average and trading range break, and found
significant positive returns by utilizing tbe trading rules. Cooper (1999)
sbowed tbat tbe filter strategy can outperform the buy-and-bold strategy
under relatively low transaction costs. Otbers bave documented stock
return anomalies such as the weekend effect, the turn-of-the-montb ef-
fect, the holiday effect, and tbe January effect. A significant relationship
between return and variables sueh as price-earning ratios, market-to-book
ratio, size, and institutional ownersbip bas also been documented.

Driven by the development of computing tecbnology, researebers
bave applied computationally intensive metbods to tbe financial markets.
I be most popular metbod is tbe neural network. Tbe otber metbod tbat
is attracting mucb attention is genetic algoritbms and genetic program-
ming (GP). Neely, Weller, and Dittmar (1997; henceforth, \WD) used
GP techniques to find technical trading rules in the foreign excbange
market, and they found tbat the generated rules earned significant out-
of-sample excess returns over tbe period [rom 1981 to I99S. Allen and
Karjalainen (1999; bencefortb, AK) applied GP to trade Standard &
Poor's (S&P) 500 index from 1928 to 1995. but tbey did not find consis-
tent exeess returns over a simple buy-and-hold strategy in tbe holdout
sample periods. Given tbis confiicting evidence on the capabilities ot GP
to find successful tecbnical trading rules, several natural questions arise;

' l here arc many theories on why technical analysis can he useful, includinjjthe heauty contest theory
hy Keynes (1936), the informationaily inefficient market by Grossman and Stiglitz (1980) and Gross-
man (I99S), the information discovery by Rrown and Jennings (I9H9), and ihe informatiiin herding
by hroot, Scharfstein and Stein (1992).
See, for example, Lakonishok and Smidt (I9S8).

'See, for example. Fama and 1 rench (1993) and ISadrinalh, Kale, and Noe ( I99T} .
"̂ See, fnr example, rrippi and DcSicno ( 1992) and Peterson and Peterson (I 996).



Genetic Programming 913

• Is GP really useful in finding technical trading rules in financial
markets?

• Are tbe inconclusive results in AK confined to the S&P 500 index only?
Wbat can be said about index futures?

' Can a real investor benefit from applying GP?

In tbis article, I address tbese questions by including tbe S&P 500 lutures
market. Tbe S&P 500 index studied by AK is an index and is not directly
tradable until tbe very recent emergence of index trusts, wbereas tbe
loreign excbange markets studied by NWD are bigbly liquid. Tbe trans-
action cost incorporated by AK was also mucb bigber than the cost used
by NWO."" Tbese may be tbe reasons one group did not find consistent
out-performance of GP-generated trading rules after transaction cost and
one group did. S&P 500 futures are direetly traded anc! arc bigbly liquid.
Tbe transaction cost in futures trading is also significantly lower tban tbe
cost in equity trading. Tbere is also evidence tbat tbe futures market and
the spot market are bigbly connected witb strong price feedback.*^ By
applying GP to find trading rules in S&P 500 futures, I sbed more ligbt
on wbether GP ean he useful in anotber liquid market witb lower trans-
action cost.

Tbe focus of tbis article is wbether a real investor can benefit from
GP. As pointed out by AK and NWO. one big advantage of using GP as
a search procedure is to assess the true out-of-sampic performance of
technical trading rules. The trading rules are generated (̂ .\ ante, and GP
serves as a search proeedure to find the optimal rules without any hind-
sight. This contrasts witb the common approaeh of studying technical
analysis through the evaluation ofthe performance of some known trad-
ing rules. That these rules are known to the researchers may be due to
tbeir good ex post performance. Tbis is tbe collective data snooping bias
pointed out by Sullivan, Timmermann, and Wbite (1999). Aitbougb re-
searebers may find significant excess returns from tbese rules, an investor
still does not know wbieh rule to use at tbe beginning of a period. If an
algoritbm or a metbod with tbe ability to pick trading rules ex ante can
be found, a real investor can use sucb an algoritbm witb mucb higher
confidence. AK and NWD found conflicting evidence on whether GP is
such an algorithm in two different markets. In this article, I examine
whether GP can be useful to a real investor trading in the S&P 500
lutures and spot markets. To assess this, I made sure that the transaction

^.\K used a one-«ay Iransaclion cosi of O.I, 0.25, and O.S'f. whereas NW'D used a one-vvay trans-
action cost of O.()'i'"f.
"See, [or example, Kawaller, koch, and KIK h ( 1993).
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costs tor both spot triiding and tutures trading were realistic and that the
prices at which trades took place were the ones obtsinahle hy the investor.

Unlike AK and NWD, who evaluated the performance of the trading
rules with only huy and sell signals on daily return series, I adopted a
trading jiroeess in which trades were executed v\ith prices with dollar
profits or losses, hutures trading has some unique features such as mark
to market, margin requirement, and contract expiration. My trading pro-
cess with prices and dollar profit/loss allowed me to exactly duplicate the
trading process of a real investor trading indexes and futures. All the
features in futures trading and cash borrowing and lending were included
in my trading process. In addition, the dollar-trading process enabled me
to use more signals from the trading rules than buy and sell signals.
Hence, a real investor will be able to execute the trading strategies gen-
erated hy GP in the market. I then tested w hether the trading rules found
by GP could consistently outperform the huy-and-hold strategy.

To avoid data snooping hias from the selection ot the time periods,
I adopted the rolling forward approach first proposed by Pesaran and
limmerman (1995). When applying GP to learn trading rules for futures
trading only or for both index and lutures trading, I found that the per-
formances of the trading rules in the out-of sample periods varied over
time. In some years, a majority of the rules beat the buy-and-hold strategy,
whereas in other years, most rules underperformed the market. Because
an investor has to use this procedure ex ante, it would be difficuft for the
investor to earn positive excess returns consistently. This resuft is similar
to the findings of Ak but contrary to the conclusions of NWD.

ln addition, 1 studied a new application of C!P that was not investi-
gated by AK and NWD. Because many investors use futures to hedge
positions in spot market, I tested whether GP could be used for finding
hedging strategies. I specified the fitness measure that GP optimized as
the mean return minus the variance muftipfied by the risk-aversion factor.
Ihis fitness measure was the |i—CT" criterion and was the objective func-
tion of the investors if the distributions of asset returns were normal or
if the investors were strictly variance averse.' In this way, the CJP tech-
nique could be employed to find trading strategies that maximized returns
and controlled the risk to a specified lo\el. Although 1 found more trading
rules that outperformed the market, the variation over time was still too
big to give a conclusive answer.

Although my results may he disappointing to traders who would like
to use GP, this article makes several contrihutions to the understanding

' l-or LI ilL'taik'd disctission on condilions stiiiiKirliii^ a fi—O" LTiliTion. sec LOIMLT
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of the markets and the evaluation of technical trading rules. In the spot
market, the majority of the trading programs generated to maximize re-
turns are duplicates of the buy-and-hold strategy. This is evidence that
the stock market, at the index level, is c|uite efficient such that one cannot
oLitperiorm the huy-and-hold strategy with realistic transaction costs.
However, the GP-generated trading rules in the index futures market are
more active at exploring lower transaction costs in futures trading. The
annual \ariation of out-of-sample performances of these rules is again
evidence for efficient markets. The rules display some market-timing abil-
ities, and GP can find trading rules maximizing risk-adjusted returns.
I inally, this article highlights the importance of the time-period selection
in evaluating technical trading rules. Without the rolling forward scheme
f̂ or period selection, one may come to a totally different concfusion. It is
essential for anyone studying technical trading rules to use multiple sam-
ples for training, validation, and out-of-sample evaluation.

The article is organized as follows. The next section provides an in-
troduction tt) CiP. Ihc setup is tliscussed in the third section, and the
resuits are presented in the lourtii section. I he final section concludes
the artiele.

GP

Koza (1992) developed GP, which shares many of the features of the
genetic algorithms developed hy Holland {1962, 1975). Roth are opti-
mization techni(|ues based on the principles of natural cnolution. In bio-
logical terms, there is an environment in which evolution occurs. This
environment consists of a population of solution candidates, each of
which is evaluated according to a problem-specific function, fitness,
which measures how gootl the solution is to the profiiem. Then, the so-
lution candidates are recombined through crossover and mutation to gen-
erate new solution candidates, OT offspring. Similarly to natural selection,
the candidates with higher fitness measures are more likely to reproduce
offspring and keep their genes alive. Ihe new generation of solution can-
didates are exaluated again, and they reproduce their offspring lollowing
the same selection process. This evolution process is stopped whenever
certain terminating criteria are met.

The major difference between genetic algoritbms and GP is tbe rep-
resentation of the solution candidates. In genetic algorithms, a solution
candidate is called a chrouwsome, which is a string of characters with a
fixed length, lor a specific problem, ehromosomes are mapped to the
specific sofution domain of the problem. In CiP, a solution candidate is
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represented as a treelike hierarchically structured computer program.
Each node oi the tree is a function, or building hlock, that takes the
output of its branch nodes as inputs and produces an output. If a function
requires no input, it is a terminal function that becomes a terminal node
of the tree. I he whole program is computed recursively from the terminal
nodes to the root ot the tree. The si/e, shape, and content of the tree can
change dynamieally during the evolution process. The dynamic nature of
the solution structure makes GP more flexible and potentially more useful
than genetic algorithms.

The success of genetic teehniques as optimization tools has been
well documented. Genetic methods conduct a parallel search of many
points in the searching space. In addition, they implicitly process in par-
allel a large amount of useful information eontained in each solution
candidate. A solution candidate is composed of many pieces o^ schemata,
or huilding blocks. I he evaluation of the solution candidate generates
informatit)n ahout the quality of these schemata. The Darwinian fitness-
proportionate reproduction allocates an exponentially increasing weight
to better schemata. This leads to an optimal search in the stochastic
environment halancing between a promising search direction and a less
visited direction. This parallelism makes the genetic method an efficient
optimization technique for a number of complex problems. Several econ-
omists have used genetic algorithms to study the learning dynamics of
genetic agents in different game settings. It is well established that
agents using genetic algorithms are able to find the optimal strategy in
these games. The application of C!P in economics is mainly in the area
of generating smart eomputer traders because the tree structure of the
solution candidates can be easily interpreted as the decision tree of hu-
man traders.*^

SETUP

Using GP to Find Trading Rules

In this article, one solution candidate or program is represented as four
hierarchical trees. The first two trees are automatically defined (unctions
(ADFs; Koza, 1994). An ADF is one way to capture the idea of suhroutine
and reusable codes in computer programming. The ADF differs from
other predefined funetions in that it evaluates by traversing its own tree.

**rx;impies inLludc Aritmif (1944. 1996). Ho (199ft), and Not- ;ind I'i (199S).

"Sec, forexiimplc. Allen imd kLirjahiinen (! 999), Andrews înd Prager (1994), and Ncely el ;il. (I 997).
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ADFs follow the same evolution process so they have the same feature of
parallel search for the optimal subroutine. The advantage of ADF is that
the same complex function can be called from multiple nodes by a single
reference, so bigher efficiency can be achieved. The third tree generates
a signal to be used in the futures market, and the fourth tree generates
a signal to be used in the spot market.

The building blocks consist of two types of functions, Boolean-vai-
ued functions (AND, OR, >, <, etc.) and real-valued functions (-I-, —,
X , /, maximum, minimum, average, lag, etc.). A complete list of tbe func-
tions used can be found in Table 1. Ihe first tree is a Boolean-valued ADI,
and the second tree is a real-valued ADF. The root of the third and fourth
tree is restricted to be the function if-then—else. This ensures that most
of the simple trading rules can be generated. Figure 1 shows two simple
trading strategies, moving average and trading range break, represented
in treelike form. Tbe output of these two trees is transformed into the
range [0,l | hy 1/(1 + e ^), which is a common transformation used in
neural networks. Then, the transformed values are converted to trading
signals. For the S&P SOO lutures market, five signals are generated hy the
range [0,1 1 being divided into five equaf segments, fn descending order,
the signals represent two contraets held long, one contract held long, no
position, one contract held short, and two contracts held short.' ' For the
S&P SOO spot market, five signafs are allowed, corresponding to the five
signals in the futures trading. As one S&P 500 futures contract represents
500 times the exposure of S&P 500, the trading signals are defined in
the spot market as hofding 1,000 shares, 500 shares, 0 shares, 500 short
shares, and 1,000 short shares of the S&P 500 index. Short positions
have heen allowed in the spot market. For institutional investors, selling
short does not appear to he a big problem. The other interpretation is
that investors may own shares if the signal is neutral. In that case, short
selling simply means reducing the exposure to stocks by selling a portion
of the shares that would be owned with a neutral signal. In an earlier
setup, short selling was restricted in the spot market, and the results did
not change quantitatively.

Two operators of GP are used in addition to reproduction. 1 hey are
crossover and mutation. Crossover is an operator to generate one new
program from two existing programs (see Figure 2 for an illustration). In
crossover, one tree, denoted the nth tree, is randomly picked from one
program, as is one node from that tree. Then, another node of the same

We used this Ir^nslnrmation because it wiis (.'asier lo divide tht" range |(),l ] inla live st-gmcnts lh;in
to divide the ranĵ o ( - ^ , ^ ) . Il did not have any eflect on ihc (lultome.

('nnforminjj lo iht- [lracliic. one tonlraci represents llie intlev mullipliecl hy ^00.
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TABLE I

Building Blocks Used in Genetic Programming

lilocks Rcliini Type input Oiitpiil

AND
OR
XOR
>
<
True
False
ADF-1
If-then-else

+

X

/
Maximum of two
Minimum of two
Absolute value
Lag spot price
Moving upper

bound
Moving lower

bound
Moving average

Lag futures price
Moving futures

average
Open interest
Futures volume
Spot price
Futures price
ADF-2

Constants

Boolean
Boolean
Boolean
Boolean
Boolean
Boolean
Boolean
Boolean
Real

Real
Real
Real
Real
Real
Real
Real
Real
Real

Real

Real

Real
Real

Real
Real
Real
Real
Real

Real

2 Boolean inputs, c,, c^
2 Boolean inputs, c,. c^
2 Boolean inputs, c,, c..
2 real inputs, c,, Cg
2 real inputs; c,, ĉ
No input
No input
No input
One Boolean input, c,, two real

input, c, and ĉ
Two real inputs, c, and Cj
Two real inputs, c, and c-.
Two real inputs, c, and a,
Two real inputs, c, and Cg
Two real inputs, c, and Cj
Two real inputs, c, and Cg
One real input, c,
One real input, c.
One real input, c.

One real input, c.

One real input, c.

One reai input, c.
One reai input, c.

One reai input, c.
One reai input, c.
No input
No input
No input

No input

c, AND C2
c, OR c,
c, XOR Cj
True if c, > Cg, else false
True if c, < Cg, else false
Always true
Always false
Output by traversing the first tree
If c, is true, output ĉ , else output

c, + c,
Cl — C^

C, X C^

cjc.
Maximum (c,, ĉ )
Minimum (c,, c )̂
lc,l
c, lagged spot prices^
Maximum of the spot prices in

the past c, days-'
Minimum of tfie spot prices in the

past c, days^
Average of thie spot prices in the

past c, days''̂
c, lagged futures prices'"
Average of the futures prices in

the past C| days-*
Open interest on day c.^
Futures volume on day c,'
Closing spot price today
Closing futures pnoe today
Output by traversing tfie second

tree
Real number from - 1 to 1

-If c, IS negative, we used IcJ to get the value and multiplied by - 1 as the output.

type is Iound randomly Irom the »th tree ot the other program. 1 he lirst
picked node and its hranches are replaced with the second picked node
and its hranches to generate a new program. Mutation is performed on
one program hy the replacement ol the program with a randomly gener-
ated one.

I he fitness measure ot a program is its performance ofthe portfolio
eonstructed based on its trade signals. In particular, I chose the )i—a"
criterion, that is, the mean daily return minus the variance ot the return
multiplied by a risk-aversion coefficient, fe:
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if-then-else

buy sell

Moving Average

if-then-else

pace max < sell nothing

n pnce min

Trade Range Break

FIGURE 1

Examples ol ircc rep rest'illations of simple trading rules.

If-then-else If-then-else

,_day_min\ price_ftuiire

n_day_min time

ADF-2

FIGURE 2
of ii crossover operation.

Fid) - E,(r,) - kVar,{r,) (1)

where L.^ and Var^ are the sample mean and sample variance, respectively.
Details of how daily returns are computed is discussed in the following
section. This Fitness measure is the objective function ofthe investors if
the distrihutions of asset returns are normal or if the investors are strictly
variance a\crse. By using this fitness measure, the computer trader can
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he trained to trade with different risks tolerance. If fe is zero, the investor
is risk neutral; therefore, maximizing the return is his or her only trading
objective. For a larger k, the investor is more risk averse so the fluctuation
of daily returns hecomes important in ehoosing a trading program.

As with other computationally intensive methods, there is a problem
ot vverfitting in GP. This means that spurious relations can he picketl up
in the data series. To mitigate this problem, one run of GP uses two time
periods. The first period is called the training period and is used to train
the genetic programs. I he second period is the validation period, which
is used to select the best pertorming programs and decide when to stop
the training.

One run of GP includes the following steps:

1. An initial population of 100 randomly generated programs is created.
The programs are evaluated to obtain their fitness in the training
period.

2. The program with the highest fitness is stored as the hest rule of this
run. This program is evaluated with the validation period to obtain its
fitness in the validation period.

3. Two parent programs and a dropout program are selected from the
population. The probability of a program heing seleeted as a parent
program is proportional to its adjusted titness. The adjusted fitness
equals the titness it all fitness measures of the population are non-
negative. It some titness measures are negative, the adjusted fitness is
the fitness ofthe program minus the lowest fitness ofthe whole popu-
lation. The probability of becoming a parent program is then the ad-
justed titness ot this program over the sum of adjusted fitness of all
the programs in the population. The probability of a program being
selected as a dropout program is one minus the probability of becom-
ing a parent program. In short, a program is more likely to be selected
as a parent program if it has a higher fitness and more likely to be
selected as a dropout program if it has a lower fitness. The two parent
programs perform a crossover operation to generate a new child pro-
gram to replaee the dropout program in the population. With a prob-
ability of .001. the child program is mutated hy the mutation operator.
This child program is then evaluated in the training period to obtain
its fitness. This seleetion—crossover—replacement sequence is repeated
100 times to form a new generation of genetie programs.

4. The fittest program in this generation is then evaluated in the vali-
dation period. If this program performs better in the validation period
than the best program so far. it is saved as the best program of the
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current run. This rtin Is stopped if 100 generations have heen gener-
ated or if the performance of the best program does not improve for
40 generations. Otherwise, return to Step 3 tor the next generation.

The Trading Process

Bociuisc 1 wanted to model the trading costs and trading process as re-
alist icalK as possihle, all the bookkeeping of the trades is in dollars instead
ol returns. At the start, the trader receives a eash asset A. At day t, two
trading suggestions are computed with all the information up to t — I.
Then, the trade is executed at the closing price off, on the hasis of the
suggestions from the trading rule. This is a difterent trading proeess than
the ones employed by AK and NWD. In hoth articles, the trading sug-
gestions were generated on the basis of the information up lo ( — 1, and
then the return from t — 1 to f was added to the total return, depending
on the long or short position. This implies that the trader can estahlish
the position with the closing price at ( — 1; in other words, the opening
price at day t is the same as the elosing price of the previous day. This
assumption certainly does not hold for most finaneial markets.'" Aetually,
when AK used I-day lagged return, that is, the return from t to ( + 1, lo
compute the performance of the trading rules, they found that a large
portion of the excess returns disappeared. Ihe treatment of the trading
environment in this article ensures that the profit can be aetually realized
hy an investor using these trading rules.

In partieular. I define the trading activities of 1 day as follows. First,
interest is added to the casli account on the basis of the cash halance at
t — I and the 3-month Treasury hill (T-hill) rate. This cash halance ean
he positive or negative depending on the past trading results. If the eash
halanee is negative, the trader is horrowing money to cover previous trad-
ing losses and trading costs. I made the assumption that the horrowing
rate is the same as the lending rate. This is not a had assumption for
institutional traders. Second, future positions are marked to market on
the hasis ofthe position al f — 1 and the difference hetween the futures
price of ( and that of I — 1. The gain (loss) is added to (deducted from)
the eash account. Only the most recent futures contract, whieh is the
most liquid in the market, is used for trading. The switch from one con-
tract to another contract occurs on the 1st trading day atter the 15th of
the expiring month (Mareh, June, Septemher. Decemher) ofthe Former

" I n iTLiders' jarfjan, I hi- n|)fTiLiio p r i i c I I I ^ I H T thj in t h e tk is i t i f ; |>r i t f ol ihi- p r c v i i n i s d;i\ is ci i l lfd^' t if i-

tip. •iinl i h c o p t - n i n j ; p r i c e l o w e r i h . i n i h c c los ing; p r i i c of t h e prL'\ ioi is d a y is c a l l e d fitip-ilim}i.
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contract.' ^ If it is the switching day. the old position is set to zero. Then,
the new futures position is established by following the futures trading
signal. If this new position is different from the old position, transaction
costs may be incurred. In futures trading, a two-way transaction cost
structure is adopted, with F| per transaction and F^ per eontract. If the
new position requires adding n eontraets, a transaction cost of F| + »Fp
is deducted from the cash account. Finally, trade in the spot market is
taken. The trader buys or sells the necessary shares to establish the sug-
gested position. The transaction cost structure in the spot market is a
one-way cost structure. Any time the trader buys or sells n shares, he or
she incurs a total cost of S\- + HSJ,, where S( is the fixed eost per trans-
action and Sp is the cost per share. The cash for buying (selling) shares
is drawn from (deposited into) the cash account, and the transaction eost
is also deducted from the cash account at the transaction time. At time
i, trading stops, all tutures positions are closed, and all shares arc sold.

The daily wealth ot the trader (denoted u\) is defined as the \alue of
the stock holdings at day t and the cash balances after all the trading
activities at day /. Future contracts are not counted in the daily wealth
because they are marked to market every day. The daily return (r,) of the
trading program at ( is then the eontinuously compounded return, Iog(u'|/
u',_ i). A bankruptcy constraint is also imposed so that whenever the daily
wealth is negative, the trader is out of the markets and can no longer
trade in either futures or spot markets.

The parameters used in this article are as tollows: The starting asset
value A is 1,000 times the index on the 1st day ofthe evaluation period.
In the spot market, the trading costs are $0.50 per share plus $25.00 per
transaction one way. In the futures market, the trading costs are $36.00
per contract plus $25.00 per round-trip transaction. This transaction cost
structure is quite realistic in that the brokerage commission cost and the
bid—ask-spread cost have heen incorporated. Because the average index
level during the study period was 427, the cost of $0.50 per share plus
the fixed cost corresponds to a one-way pereentage transaction cost of
0.12%. This is close to the transaetion costs assumed by AK and is cer-
tainly a realistic assumpti{)n for institutional investors, ln the futures
market, Fleming. Ostdiek, and Whaley (1995) pointed out that the av-

'*lhe futures prict- scries used by GP \v;is ennslritctccl uitli the fiiltircs price uf ihf mosl rceenl
futures contract and a switch to the next contract on the swiiching day. Iho switching ilale iind the
futures pricf of the contract close to expiration were also stored.

Ihe margin requirement in futures trading is ignored in this setup. Because the Irador am huTrow
at the I'-bill nite iinil ihe initial m.irgin can bt- posted with the T-bill. it will no! have any ^^ealtl̂
effect on ihe traders. M ihe marf;in does not earn interest, there will be :i \̂ <.'alth rflcct. A margin
requirement in ihf trading uas inekided in an eiirlier setup, antl tbe results were similar.
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erage hid-ask spread was .0558, with round-trip commissions and ex-
change fees amounting to $6 per contract in the S&P 500 futures market.
Thus, the total round-trip cost per futures contract is $33.90 {0.0558 X
500 + 6), fess than the cost of $36.00 assumed in this test. In addition,
hy trading in the nearest futures contract only, one has enough liquidity
to ensure the execution of the futures trade.

RESULTS

Data

I used the daily data of the S&P 500 index, S&P 500 futures, and 3-
month T-hill rates from 1983 to 1998. I he index data are from the Center
for Research in Security Prices. The yield of 3-month T-bi!ls was obtained
from the data sources at the Federal Reserve Bank, St. Louis. The prices,
open interests, and volumes of the S&P 500 Futures contracts were oh-
tained from the Commodity Futures Irading Commission (CFTC) and
TurtleTrader.com. ^ Because at any date there usually existed four futures
eontraets. a single time series of future prices, open interests, and vol-
umes v\as constructed with the nearest futures contract. The switeh from
one eontraet to the next oeeurred on the 1st trading day after the 15th
of the expiring month of the old contract. 1 or example, in Fehriiary fu-
tures contracts expiring in March, June, Septemher, and December of
that partieular year were traded. The price, open interest, and volume of
the March contract were included in the time series. On March 16, the
June contract was used for filling tbe time series of futures priees, open
interest, and volumes. Figure 3 displays the time series of S&P 500 index
and futures price. To make the input data of the trading rules reasonahly
sealed, I divided the index spot and futures priees by 100 and the open
interest and volumes hy 10,000 hetore feeding to the trading rules.

To guide against data snooping in the cboiee of time periods and to
study whether a real investor can use this procedure to trade, I rolled
forward the training period, validation period, and out-oF-sample period
similarly lo Pesaran and Timmerman (1995). AK. and Cooper (1999).'*^
In particular, I considered an investor at the beginning of 1987. The
investor had 3 years of data availahle, and he or she defined the training

""I give spceial I hunks lo Dat-Jung lor pnn id ing me \\ilh the lidiirL's data Inim ihe CIFIC from I9S6
Ul 199.^. I h f iutures data from 198.^ to 19SS and from 1994 to 1998 arc Irom the Krce Resourees
ot I urtle I rader.com (hltp://v\'ww.turtlctrader.co.ijk/). rhe dnwnlo^Kied d;il;i v^ere verified u i lh the
diitii fnim tht: C F T C lo ensure iheir correctnL'ss.

'Special thanks to an anonymous referee for s u ^ e s t i n j ; this roll l()n,\:iril ajjproai h.
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FIGURE 3
Standard & Poor's 500 index and lutures prices.

period to he 1984 and 1985 and the validation period lo he 1986. Ten
trials were run with periods specified this way, and 10 trading programs
were generated. These 10 programs were used to trade in 1987, the out-
of-sample period, and the results are reported later. At the heginning of
1988. all the periods rolled forward a year. The training period was 1985
and 1986, and the validation period was 1987. Ten trials were run, and
the resulting 10 trading programs were used to trade in 1988. In this way,
I rolled forward until 1998. Altogether, 1 ran 120 independent trials for
one set of scenarios. The results reported arc all oul-of-sample results.

Trading in Futures Only

I first let GP generate 120 trading rules for S&P 500 futures only with
the rolling forward scheme diseussed previously. The risk-aversion coef-
ficient k was set to 0. so tbe ohjeet was to achieve maximum returns. This
was the same fitness measure used hy AK and NWD. Hence, my results
complement theirs in providing evidence on whether CP can he helpful
in generating trading rules in a different financial market. The buy-and-
hold strategy in this context was holding long two futures contracts all
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TABLE II

Summar\ oi the Results of the Trading Rules CJenerated to I rade in Futures
Markets Onlv {k = 0)

Sample Year

87
88
89
90
91
92
93
94
95
96
97
98
sum

Buy a fid

r

0.00277
0,03826
0.11095

- 0.02696
0.11202
0,02598
0.03666
0.00443
0.11974
0.07311
0.10797
0.09577

Hold

n

2.9199
1.1812
0.9636
1.0928
0,9029
0.6213
0 5462
0,6623
0,5390
0,8274
1,2882
1,4237

Kb

3
1
2
6
3
7
2
3
1
2
2
4
36

2
1
0
0
0
0
0
6
0
0
1
5
15

r

-0.01212
0.01999
0.01183

-0.00098
0.08689
0.03444
0.02157
0.00804
0.01342
0 04316
0 06858
0.10342

M

a

3.2597
0.9606
0.8851
0.9741
0.9720
0,5481
0,5179
0.6554
0.6459
0,8148
1,3541
1,3698

('nst

4094.4
2298.2
2860.2
6883.5
4309.3
5593.2
6228.1
15135
4905.5
4645.8
2602.1
1830.9

r

000113
0,02626
0.02346

-0.01082
0.07787
0.03412
0.01859
0,00443

-0,01343
0.04585
0.10149
0.09577

Mdn

n

3,0347
1,1620
1,0668
1,0236
0,9981
0.5828
0.5453
0,6623
0,6641
0.8114
1.2896
1.4237

Cnst

4462
1067
2187.5
7390.5
5044
5836
6159.5
485
4947
4559
1455
582

The first column contains the out-of-sample years for whtch Ihe trading ruleswereevalualed. The second and fhird columns
contain the average daily returns (r) and standard deviation {n) of the daily returns of the buy-and-hoid strategy (ho!ding
long two futures contracts ali the time) in the year For each year, 10 trading rules were generated with the previous year
as the validation period and 2 more years before the training period Nb is the number of rules that produced better average
daily returns than the buy-and-hoid strategy in ihe out-of-sample year. We is the number of rules that produced the same
average daily returns as the buy-and-hold strategy. The next three columns contain the mean of average daily returns,
standard deviation of daiiy returns, and transaction costs of the 10 trading ruies The finai three columns contain the median
of average daiiy returns, standard deviation of daily returns, and transaction costs of the 10 trading ruies Aii daily returns
are in percentages

the lime. I compared ihc GP-gcncrated trading rules with this huy-and-
hold slralegy in the futures market. In Tahle II. I report the out-of-sample
results of the 120 trading rules. Overall, 36 trading rules performed hetter
than the huy-and-hold strategy in their corresponding out-of-sample
years, and 15 rules were just huy-and-hold. The performance varied a lot
[or different years. For example, 7 out of the 10 rules outperformed the
huy-and-hold strategy in 1992. The average daily return of the 10 rules
was 0.034%. This was 32% higher than the daily returns of the huy-and-
hold strategy, 0.026%. In 199S, the trading rules generated hy the appli-
cation ol GP to learn in the previous 3 years performed much worse than
the buy-and-hold strategies. Only 1 out of the 10 rules outperformed the
huy-and-hold strategies. The performance of the GP-generated trading
rules appeared to he sensitive to the time periods. The rules employed in
I 995 were generated with 1 992 and 1 993 as the training period and 1 994
as the validation period. As can he seen from the returns of huy-and-hold
strategy from 1992 to 1994, the returns were very modest during this
period. In 1 99S, howexer. the market rallied, and the strategies that were
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trained from the previous low return period did not perform \^ell in this
changing enxironmcnt. On the contrary, v\hc'n the out-of-sample period
was similar to the training period and the validation period, CIP could at
least learn to use a buy-and-hold strategy if it could not find a hetter one.
This was the case for 1998, when the returns in the previous 3 years were
high. Five of the 10 trading rules trained trom 1995 to 1997 were just
buy-and-hold, and the other lour rules showed better performance in the
out-of-sample period, 1998.

Because a real investor would have no way of knowing whether the
ne.\t period would he similar to the training periods he or she could see,
the results in Tahle II cast doubt on whether GP can be used by a real
investor to heat the buy-and-hold strategy in the futures market. This is
consistent with the finding of AK hut contrarv' lo the results of NWD.
Ihe rolling forward scheme is very important for coming to this conclu-
sion both in this artiele and in AK. In their early working paper (Allen &
Karjalainen, 1995), they used one training period, one validation period,
and one out-of-sample period, and they found that GP-generated rules
outperformed the huy-and-hold strategy in the out-ol-sample period.
Once they used the rolling forward mechanism to prevent data-snooping
hias in the selection of time periods, the results were no longer conclu-
sive. Similarly, in a previous draft of this article I defined the training
period as April 1986 to September 1987 and validation period as 1988
and 1989. Then (iP-generatcd rules consistently beat the huy-and-hold
strategy in the only out-oi-sample period, 1990 to 1993. However, a real
investor who would use GP is more likely to use the r{)lling forward
scheme specified in this study. In this case, as shcn\n in lahle II, the
investor cannot outperform the buy-and-hold strategy consistently. NWD
did not use the rolling forward approach to test their results lor different
time periods. Hence, it is a subject for future research to test whether
their results hold for only one period or GP can learn useful technical
trading rules in the foreign e.xchange markets.

The other possible reason for the different conclusions drawn hy
NWD versus AK and this article is the choice of benchmarks. In this
artiele and AK, the benchmark is the buy-and-hold strategy in the indexes
or futures. In NWD. the benchmark is zero return because there is no
well-defined buy-and-hold strategy in the loreign exchange market. To a
certain extent, the buy-and-hold strategy can be considered a surviving
strategy derived mainly from the U.S. equity market. As shown byjorion
and Goetzmann (1999), the real U.S. equity returns in the twentieth
century are the highest among all countries. I lencc, it may be difficult to
beat tbe buy-and-hold strategy in the S&P 500 spot and futures markets,
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TABLE III

Summary of the Results of the Trading Rules GcnLTiilfJ U) Iradc in Bolh Spot
iind Futures Markets (k = 0)

Out-of

Sanifyle Ic,

87
88
89
90
91
92
93
94
95
96
97
98
sum

Hu) and

nr r

-0.03229
0.03512
0,16744

-0.10112
017659
0.02666
0,05136

- 0,02093
0,19684
0.11649
0.17769
0.15676

Ihitd

a

5,3564
2,2470
1,6059
2.4371
1,5998
1.2573
1,0519
1.3171
0.8953
1 4986
2 1766
2.6061

,\7,

4
4
0
9
3
5
2
3
0
1
5
3
38

,\'c

2
1
0
0
1
0
0
6
0
0
1
6
17

r

-0,03216
0,03872
0,01182

-0.04386
0,16708
0,03988
0,03281

-0 01833
0.06614
0.07269
0,17931
0.16067

,\I

rr

5.3456
1.8286
1 2036
1.5043
1.4783
1,0171
0,8276
1.2742
0,5381
1,0399
2,0915
2.5351

( as;

2994,2
4924,7
6769,8
6390.8
4008,7
8388,7
9339,6
2147.5
9140.8
7502,6
2721,1
5914.3

r

- 0 03229
0.03476
0 04246

-0.04504
0.16903
0.03716
0.03922

-0.02093
0.06768
0.07924
0.17774
0.15676

Mdn

17

5 3554
2.1341
0,9660
1.2317
1.5717
0,9669
0,8929
1.3171
0.4894
1.1382
2,1757
2.6061

f.r;s(

2549,5
2512
7491
5692.5
2546
9570.5
5802.5
1535
4348
4065,5
2214
1535

The first colLimn contains Ihe out-of-sample years tor which the trading rules were evaluated The second and third columns
contain the average daily returns (f) and standard deviation (17) of the daily returns of the buy-and-hoid strategy {holding
long 1,000 shares of index and two futures contracts ail the time) in the year For each year, lOtrading rules were generated
with the previous year as the validation period and 2 more years before as the training period Wb is the number of rules
that produced better average daily returns than the buy-and-hold strategy in the out-ot-sample year He is the number of
ruies that produced the same average daily returns as the buy-and-hold strategy. The next three columns contain the mean
of average daily returns, standard deviation of daily returns, and transaction costs of the 10 trading rules The final three
columns contain the median of average daily returns, standard deviation ot daily returns, and transaction costs of the 10
trading rules. All daily returns are in percentages.

hut the task mav he easier in other markets where CP can he more
helpful.

Trading in Both Spot and Futures

In this section, I use GP to seareh for trading rules to trade simulta-
neously in both the S&P 500 spot market and futures market. I still
assume a risk-neutral in\estor, i.e., h. — 0. In this case, the hu\-and-hold
strategy is holding l<jng 1.000 shares of index and two futures contracts
all the time. The CP-generated trading rules using the rolling forward
scheme are thus compared with this maximum exposure strategy in hoth
markets. Tahle 111 provides a summary of the results of these I 20 trading
rules found hy GP to trade in hoth markets.

The results were similar to the ones in the pre\i<)us section. Out of
the 120 trading rules, 38 outperformed the huy-and-hold strategy in the
out-of-sample year, and I 7 did the same as the huy-and-hold strategy. The
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same variation of performance in ditlerent time periods existed as well.
In hoth 1994 and 1998, 3 ofthe 10 rules performed hetter than the huy-
and-hold strategy, and the other 6 rules did the same as the buy-and-hold
strategy. In 1990, the market was a down year, and the training period
tor the rules included the crash in 1987. The out-of-sample period was
similar to the training period. Hence, rules learned from 1987 to 1989
were more likely to do well in 1990, as 9 out of 10 heat the huy-and-hold
strategy. On the contrary, when the out-of-sample year was drastically
different from the training and validation periods, the performance of
CiP-generated trading rules deteriorated. This was the case tor 1989 and
1995.

Trading and Hedging in Both Spot and Futures

An investor ean hedge his or her positions in the spot market using fu-
tures. In this section, I examine whether GP can find trading rules that
provide hetter risk-adjusted returns. As previously specified, I chose the
ohjective to he the ji—a" criterion, that is, the mean daily return minus
the \ariance of the return multiplied hy a risk-aversion coeldcient, k. In
particular, I set k equal to 0.03. ' ' When this risk-aversion coefficient was
set at 0.03, the )i—a" criterion for the huy-and-hold strategy in the index
only was higher than that For the huy-and-hold strategy in hoth index and
futures markets simultaneously. It was also higher than the fa—a" criterion
ol investing in l-hills only. Usually, one would not suggest the strategy of
obtaining as much exposure as possible in both the index and futures
markets as a prudent strategy for most investors. Investing in T-hills only
is also considered ver\' conservative, and the performance ol S&P SOO
index has been the benchmark for a lot of portfolio analyses. In the sample
period I studied , il an in\estor had a risk-aversion coefficient of 0.03 and
maximized the |i—<y criterion, he or she preferred the buy-and-hold strat-
egy in the S&P 500 index to other strategies such as buy-and-hold in both
tbe index and futures or just holding l-bills.

I trained 120 trading rules to maximize the )j.—a" criterion with k —
0.03, using the rolling forward approach previously specified. All these
rules were then compared to the buy-and-hold strategy in the index for
the respective out-of-sample year. Tabie IV provides the summary results
of this scenario. Out of the 120 rules, 57 performed better than the huy-
and-hold counterpart in risk-adjusted returns. In general, the GP-gen-

In ;in earlier dr;ilI ol ihis article, I viiried k Irom 0 to 0.1 hy 0.01 increments . IViiding rules generated

v^ilh hifjh k h;id louer diiily variations ihan rules found when k was low. Hence, G P iippears to

re(.(i^ni/e ihi' need l<i heil^e v\hen presented willi such an ()bjiTli\e.
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crated rules were likely to do better in those years when the market was
down or neutral. For example, in the 3 down years of the S&P 500 index,
6 out of 10 rules outperformed the buy-and-hold strategy in 1987, 8 out
ot 10 outperformed in 1990, and 9 out of 10 outperformed in 1994. In
1992 and 1993, when the inde.x m{)ved up moderately, there were 9 and
8 rules, respeetively, that pro\ided higher risk-adjusted returns. In those
years when the index moved up by a large pereentage. very iew rules did
better than buying the index and holding it. The rules were generated
with the training period belore the year they were evaluated. Henee. all
the pertormanecs were out-oF sample performances. Similar to the results
in previous seetions, the \ariation in the performance of GP-generated
rules was quite big aeross different years.

To hetter demonstrate the performanee variation of individual trad-
ing rules. Figures 4 and S plot the means and standard deviations of the
trading rules (or 2 oiit-ol-sample years, 1992 and 1995. In 1992, 2 I out
of the 30 trading rules outperformed their buy-and-hold benchmark,
whereas in 1995, only 1 out of 30 beat the benchmark.

Market-Timing Abilities

I he portfolio created by following the GP-generated trading rules could
be evaluated in the same way as mutual funds. The only difference was
that here the portfolio manager was a computer trading rule. One tradi-
tional measure oi performance is market-timing ability, that is, the ability
to predict overall market returns. There are two traditional ways to mea-
sure market-timing ability. One is the quadratic regression of Treynor and
Mazuy{1966):

r{t) - rf{t) ^ a + ^{rjt) - rj{t)) + y{rjt) - r,-(())^ + e(() (2)

\\here r. r|, and r,,, are the returns of the portfolio in evaluation, risk-free
portfolio, and market portfolio. The coefficient y is the measure of mar-
ket-timing ahifity. Ihe hypothesis of no abnormal market-timing ability
implies that y is zero, whereas a positive y is an indication of high market-
timing ability. The other model of market-timing is based on the regres-
sion proposed by Merton and Hcnriksson (1981):

r{t) - Vfit) - a + P(r,,,(O -

where the coefficient cj) is the measure of market-timing ability. A positive
<t> indicates the ability to forecast when the market return will exceed the
risk-free rate.
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Return iiiciin-viiriiince lor trading strategics In

These regressions were run lor all ^60 trading rules generated under
the previous three seenarios with the return oi the SSrP 500 index iis tiie
market return and the return on T-hilis as the risk kee return. Tahie \ '
presents a summarv ol the market-timing ahiiity measures oi these trading
rules. 1 here was some evidence that CiP-generated trading rules had some
market-timing capahility. Over 40% of the timing coetfieients were sig-
nificantly positive at the 5% level. This result was consistent with AK,
who also found that GP-generated rules were ahle to identify periods
when daily returns were positixe and volatility was low.

I als(j evaluated the performance of these computer-generated trad-
ing rules using the conditional beta approach proposed by Ferson and
Sehadt (1 996). The timing ahility equations were run with the conditional
heta. 1 he results, however, did not change qualitatively from the uncon-
ditional \crsion.

Trading Patterns

ln this section, the trading patterns of these genetically generated trading
programs are investigated, lahle VI provides a summary of the average
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daily positions and the total numher of position changes of the 360 trad-
ing rufes previously generated. When the objective was return only and
both the index and futures markets were allowed to trade, tbe trading
rules generated hy CP were more likely to trade in the futures market
because the transaction cost there was suhstantially lower. In the spot
market, the average position of all the trading rules was close to 1,000,
the position of maximum exposure allowed in my setup. The average num-
ber of position ebanges was less than three for 8 out-of-sample years and
elose to six in the other 4 years. A buy-and-hoid strategy requires two
position cbanges, one to establish the position at the beginning of the
period and one to close the position at the end. Hence, the low average
of position changes indicated that the trading rules did not trade mueh
beyond the buy-and-bold strategy. In addition, 93 of them were exactly
duplicates of huy-and-hold. In the futures market, most trading rules
differed from the buy-and-hold strategy, with only 21 out of 120 rules
duplicating the buy-and-bold strategy in futures market. The average
number of position changes was mueh higher than two, the number of
position changes for the buy-and-hold strategy. The results were similar
for the trading rules that were allowed to trade only in the futures market.



TABLE V

Market- liming Abililies ol the Trading Rules

/ re\nor mid Mazuy MerUni and Henriksson

Year My Np ;\/?.s- ;M </> i\';7 Nps

Panel A: trading Rules Generated to Trudc iii f iitiires Markets Only (k = 0}
87 -1.24657 1 1 -0.03515 5 1
88 0.17704 4 4 -0 03392 4 3
89 -0.87100 5 4 0.05791 5 4
90 2.86007 6 5 0.63102 7 5
91 7.09950 9 8 0.21318 9 4
92 9.10003 9 5 0.21454 9 5
93 1.61615 3 2 0.07832 4 2
94 -0.53756 2 1 -0.01969 2 0
95 11.96870 8 7 0 77937 7 7
96 2.44988 8 8 080626 8 8
97 0.52336 2 2 - 0.06308 3 0
98 0.24513 8 1 0.07555 9 2
Sum 65 48 72 41

Panel B: Iradin^ Hides Generated lo Trade in Both Spiit and i'ltlnres Markets {k - 0)
87 -1.66486 1 1 -0.15428 1 1
88 - 0,76438 3 3 - 0 01225 3 3
89 0 06627 6 6 -0.14884 5 3
90 6 33187 7 7 1.38544 7 7
91 5,43551 9 8 0 20731 9 8
92 9.84977 10 3 0.23242 10 2
93 -5 54203 5 2 -0.06732 5 2
94 -1.01630 3 0 -0.03189 3 0
95 20.69446 10 10 1.27994 10 10
96 3 22876 10 9 1.04792 9 9
97 1.93607 2 2 0.09071 2 2
98 0.21933 1 1 0.06616 10 1
Sum 67 52 74 48

Panel (.: Tnuiiu^ Hides (lenerated to Trude j» Hotb Spot and Futures Markets (k - 0.03)
87 1.84371 7 7 0.55929 8 6
88 -3.31400 3 3 -0.15811 3 3
89 -1.15309 5 0 -0.07228 4 0
90 126071 6 5 0 24236 5 4
91 5 80572 10 9 0.16070 9 7
92 5.57647 9 2 0.12791 9 2
93 8.93575 10 10 0 24674 10 3
94 9.77313 9 6 0.20673 9 4
95 10.26986 9 8 0,72633 9 8
96 3.94504 10 10 1,33527 10 10
97 -3.08857 0 0 -0,22135 1 0
98 0.35399 2 1 0,07053 9 2
Sum 80 61 86 49

The first column contains the out-of-sample years for which the trading rules were evaluated. The market-timing measure
of Treynor and Mazuy (1966) is the ; in the following equation-

fit) - r,(f) = „ -H lf[r,,it) ~ r,{t)) + ;'{r,,,(r) - r,{!})- + r.{t)

The second column contains the mean of ;• of the 10 trading rules. The third column (Np) contains the number of trading
ruies with positive -/, and the fourth column (A/psj contains the number of trading rules with positive ;' significant at the 5%
level. The market-timing measure of Merton and Henriksson (1981) is rf> in the following equation

The fifth column contains the mean of rb of the 10 trading rules. The third column {Np) is the number of trading rules with
positive ^, and the fourth column {Nps) contains the number of trading rules with positive 4> significant at the 5% level.



934 Wang

TABLE VI

Summar\ of the Positions and the Position Changes of ihc Trading Rules

Out-of-
Sample
) en r

87
88
89
90
91
92
93
94
95
96
97
98
Sum

futures (hi!\
ik = 0)

Futures

P

1,01
0.92

-0,41
0,44
0,78
0,86
0 07
1,71

- 0 55
0,78
1.69
1.75

Nc

48,2
33,5
44,6
78 1
42.7
71,1
77 8
13,5
52.9
52,2
24,9
20.5

Nh

2
1
0
0
0
0
0
6
0
0
1
5

15

Index and Futures

Index

P

1000
997
600
452
946
999
706

1000
860
572
999
961

Nc

2
2.8
1.6
2.8
2.8
2.8
5.6
2
6,3
5.2
2,2
6,2

ik -

Nh

10
8
7
5
8
9
5

10
9
4
9
9

93

= 0)

Futures

P

1.55
1.08

-0.48
0.69
1.47
0.71
0.92
1.84

-1.13
1,08
1 70
1,99

; \c

19.3
46.6
65.3
51.8
26.3
72
68.5
149
40 7
40,2
13,7
4

Nh

2
1
0
1
2
0
0
6
0
1
2
6

21

P

508
650

-375
-163

251
-289
-850

649
0

145
949
982

fnde.\

(k

Index

Nc ,

3.3
2.2
3.5
3.6
1
2,4
2
1,8

,6 0,8
9,5
2,2
4,7

an

6
5
1
1
2
2
0
4
0
3
8
7

39

d Futures
0.0^)

1 utures

P

0,13
0.57
0.62
0.60
1.23
0.86
1.35
1,03

-0.99
0.62
1 03
1,84

Nc

44.6
53.4
10.4
26.5
31.8
27,6
31,1
42,8
44
31,2
31,5
12,8

Nh

1
1
0
2
2
2
6
1
0
3
2
6

26

The first column contains the out-of-sample years for which the trading rules were evaluated. The section Futures Only(k
= 0) summarizes 120 trading ruies in Table II. The section Index and Futures (k = 0) summarizes 120 trading rules in
Table Iii The section Index and Futures (k = 0.03) summarizes 120 trading rules in Table iV. The futures coiumn contains
the positions for trading in the futures market The index coiumn contains the positions for trading in the spot market Pis
the average position over the out-of-sample year and across all 10 trading rules (The possible positions in index trading
are from - 1000 to 1000, and the possible positions in futures trading are from - 2 to 2,) A/c is the average position change
over the cut-of-sampieyear and across ali 10 trading rules Wh is the number of ruies that mimic buy-and-hold strategy out
of the 10 trading rules

Hence, CP rceogni/ed that transaction costs were lower in the futures
market than they were in the spot market, and the generated trading rules
traded more often in the futures market while adopting the huy-and-hold
strategy most of the time in the spot market.

When the ohjeet was ma.vlmi/ing risk-adjusted returns, the numher
of rules that mimicked the huy-and-hold strategy in the spot market
dropped lo 39. The average position was far less than 1,000 and even
turned negative for 4 years. This indicates that the ruies were taking less
exposure and sometimes negative exposure to the index to reduee risk.
The numher of position changes was still low for the index market. This
implies that most trading rules took on a position and maintained the
position fora long period. The position may not he the maximum exposure
heeause the goal was to maximize risk-adjusted returns. However, the
negative effeet of frequent trading given existing transaction eosts was
clearly reeogni/ed hy these trading rules. Ihe trading metrics in the lu-
tures market uhen k = 0.03 were similar to those when k — 0. Irading
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Futures Trading Index TradinR

if-then-else long 1000 shares

short 2 contracts long 2 contracts

Lag_voli]me

futures_price iutiires_price

FIGURE 6
The reduced ['orm oi' one triiding rule found by genetie progriimmin'^ to Irude iii both s|)ot

l u t u r e s m a r k e t s w i t h k = 0.

was more aetive in the futures market, with average annual position
ehanges ranging from 10 to 60.

One issue related to the time when the rules ehose to he in the
market is the dividend. Because the S&P 500 index was used to eompute
the market returns, the returns that investors received from the stoek
dividends were excluded. However, heeause the genetically generated
trading programs with k = 0 prescribed an index trading strategy ex-
tremely elose to the buy-and-hold strategy, they eolleeled all the stock
dividends. Hence, the performance did not ehange for these trading pro-
grams when the dividends were included in the return. When the risk-
aversion eoeffieient k was higher, the periods that these rules ehose to he
in the market were shorter, and the dividend might ehange the relative
performunee over the benchmarks. However, heeause all these programs
were generated under the assumption that there was no dividend, one
eould generate trading programs that aehieved the same goal with the
di\ idend included in the returns.

rhe program trees of the C.P-generated trading rules were very eom-
plex and contained many redundant branches. I hroke down two rules to
provide a hetter understanding of the trading rules. I igure 6 shows the
reduced form of the Index and futures trading rule that had the best out-
of-sample performance with a risk-averse eoelfieient of 0. This rule was
generated with 1994 to 1995 as the training period and 1996 as the
validation period. In the out-of-sampie year, 1997, il aehieved an a\enige
daily return of 0.216% with a standard deviation of 1.49. As shown in
Figure 6, this rule aetually was quite simple in its reduced form.'*^ It

lUlori' rL'duciidii. llic rule II.KI i i i niides.
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ADF 2

lag spot_price

ave_price lag-spot j r i ce

fiiliires_price spot_price

Futures TradinR

if-then-else

Index Traiine

long 1000 shares

short 2 contracts lf-then-else

fiitures_price ADF 2
long 2 contracts hold 0 contract

spotj)rice ADF_2

FIGURE 7
1 he redueed form ol' one tr;idmy rule Iound hy genetie programming to trnde in both spot and

futures markets with fe = 0.03.

adopted the buy-and-hold strategy in the index. In futures trading, it took
two contracts held long all the time unless two times the futures priee
was greater than the 9-day lagged futures volume,'*^ in whieh ease it took
two eontraets held short. At first glanee, this rule did not make too mueh
sense in comparing price to volume. I lowever, there is an explanation for
the rule if I separate the relation between volume and Futures priee. That
is, this rule predicted a market downturn when futures prices rose very
high and the rise was aehieved with low volume. Ihe direct comparison
of priee and volume was probably the restilt of sealing eoineidenee.

The other trading rule 1 studied was the rule with the highest fitness
measure when trading in both spot and futures market and the risk-aver-
sion coefficient was 0.0^. This rule was generated with f993 to 1994 as
the training period and 1995 as the validation period. In 1996, its average
daily return was 0.144% with a standard deviation of 0.94. The rule in
its reduced form is shown in Figure 7. In the lutures market, this rule
eom]iared the futures priee to some lag spot priee computed from an ADF.
It the futures price was greater, then it shorted two contracts. Otherwise,
if the spot priee was less than the lag priee, it longed two eontraet and
held no position ii the spot priee was greater than the lag price. The use
of ADF made the representation of the trading rule simpler by avoiding
duplieation of the same branehes. In the spot market, its strategy was
also huy and hold. This strategy appeared to use futures to hedge the
position in the spot market. When the futures priee was too high, it
shorted the futures to reduce exposure. When both the futures priee and
spot priee dropped down from some previous levels, it longed two eon-

Mjlunifs were di\ick'(.l by H),OOl), .ind ilic priefs were divided l>y 100 as inpiil to Iniding rules.
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tracts to double the exposure. It one looks at the trading strategy for the
futures market only, this rule appears to have het on market reversal.
However, eombincd with the huy-and-hold strategy in the index, this rule
was clearly hedging when the market got too high hut heeame ver\' ag-
gressive during market dips.

DISCUSSION

It is important to recognize that the trading strategics, onee created, were
heing evaluated ex post. The issue of finding trading strategics ex ante is
an open question and attracts mueh research attention.''* In this article,
I am trying to address the question of whether a real investor can use GP
as a search procedure to find useful trading strategies in the S&P 500
index and futures markets ex ante. The answer appears to he inconclusive.
Because the out-of-sample performanecs of the trading strategies varied
over the years, an investor would not have very high conCidenee at the
heginning of the new year that the trading strategies trained from the past
would do hetter than the huy-and-hold strategy. This result is consistent
with the findings of AK that GP is not a magic procedure capable of
outperforming the buy-and-hold strategies consistently. The rolling for-
ward approaeh was essential to arriving at this eonelusion. Without the
rolling forward test over a long period, results could he biased by the
seleetion of time periods.

There arc several explanations For this result. One is market effi-
eieney. The markets for the S&P 500 index and futures may be quite
ellleient so tbat it is difficult, il not impossible, for any searcb procedure
to eonsistently Iind uscftil tecbnieal trading rules ex ante. Ihe other ex-
planation is related to the GP procedure in this article. It may be that
there exist profitable technical trading rules but GP or my application of
GP cannot find these rules. It is easy to find a computational trading
method that does not work. For example, a trading rule generated ran-
domly is most likely to have bad performance. However, I do not tbink
this is the main eause of my results. As shown by all the references in the
second section, genetic algorithms and GP have heen applied to a wide
range of tasks and have demonstrated their capability of finding optimal
solutions. Tbe parameter values I used in tbis ap|)lication, sucb as parent
selection probability, mutation probability, population size, and length of
the run, are standard in most GP applieations. I did not optimize these

•"Lfl};in>ii iintl \\ 'cij;end ( !99S) |»r(i\idcil one niflhod iif Iind ing a slaCistiial disiribution throujfh a

resampling mt'thiiil similar tn hoiilslrappinj;.
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parameters for my application, but my results did not change quantita-
tively for other sets of parameters.

As shown from the timing test, the trading rules generated hy GP
displayed some timing eapability. More tban 40% of the rules had signifi-
cant positive timing coefficients, indicating tbat the learning process of
(iP did have some power. In addition, beeause I did not add any buy-and-
bold strategies in tbe initial population at tbe start of tbe run, tbe fact
that many GP-generated rules adopted the huy-and-hold strategy in the
index market was an indication of learning in progress. Given the trans-
aetion eosts in the spot market, the best strategy tbat GP gravitated to
was buy and hold. This was both an indieation of the learning ahility of
GP and evidence that the index market was efficient if transaction eosts
had been taken into account. However, GP found trading rules that were
mueh more aetive in the futures market heeause of the low transaction
eosts there. The two trading rules studied in the previous seetion both
used the buy-and-hold strategy in the index and explored trading oppor-
tunities in the futures market. Both rules achieved superior risk-adjusted
returns. All these suggested that GP had the ability to learn and the ability
to locate useful trading rules. When the market did not change dramat-
ically from previous years, the trading rules generated by CJP compared
favorahly to the buy-and-hold strategy. It was when the market trend
ehanged, espeeially when the market was ehanging from a down or flat
market to an up market, that GP-generated rules were least likely to out-
perform the buy-and'bold strategy. Overall, my results suggest that GP
ean find successful trading rules in some years but ean also find bad
trading rules in other years. Because ex ante one cannot differentiate the
two types of rules, the usefulness of GP as a seareh procedure is limited.
Overall, I think the lukewarm results of the trading rules have more to
do with the market heing efficient than to my application of GP. At the
very least, in using GP to trade in the S&P 500 index and futures market,
I did not Iind evidence against elfieient markets.

CONCLUSION

In this study, GP, an optimization technique based on the principle of
natural evolution, was used to find teehnical trading and hedging rules
in the S&P 500 spot market and S&P 500 futures market. Speeifically, I

" ()|)tinii/a(i(iii (il the panimi'tfrs tii imjinni- pcrh)rTnanc(.' may intriuliuo more data sno(j|iitig liias

because this invnlvcs thf att(-m|)t to ohiain ht'ltcr CY piisl [wrformunisi: In the adjustment <if o iDiW

para me UTS.

""White (I')SH) came li) the same corulusii)n with the applieation ol neural net\M.jrks.
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tested GP in tlirec scenarios: generating teehnieal trading rtiles to ma.xi-
mize returns in the SikP SOO futures market, learning trading rules to
maximize returns in both the SikP 500 index and futures markets, and
searehing for trading programs that maximized risk-adjusted returns (the
mean returns minus the variance multiplied hy the risk-aversion coeffi-
eient) in hoth markets. I atlopted a realistic trading environment and
prevented any hindsight when GP learned the trading ruies. The training
period, \alidation period, and out-of-sample period were rolled lorward
eaeh year to simulate the deeision-making process of a real investor. In
eaeh out-of-sample year, the performances of GP-generated trading rules
varied a lot. There were some rules that outperformed the huy-and-hold
strategy and some that did not. Overall, 1 do not have conclusive ev idence
that GP is a magic procedure capable of finding teehnieal trading rules
ex ante. My results extend AK's similar findings in the SikP SOO index to
the SikP SOO lutures antl hedging strategies.

Interestingly, most trading rules are buy aiid hold in the index and
execute most of the trades in the luttires market. This suggests that there
are relatively few opportunities in the sj)ot market for GP with tbe trans-
action eosts considered. However, because the transaetion cost in the
futures market is much lower, GP may find strategies that improve on
buy-and-hold strategy. When tbe objeetive was risk-adjusted return, GP
recognized the need to reduce the risk and generated trading programs
with Iov^er day-to-day variation. Nearly half of the trading rules outper-
formed the huy-and-hold strategy in the index hy the ^—o" criterion spec-
ified. However, given the variation of performance over the years, using
GP to find hedging strategies did not lead to consistent results. The mar-
ket-timing abilities of these genetieally generated trading rules were also
studied. There was some evidence for superior timing abilities of the
rules, with over 40% of the rules having significantly positive timing
eoeffieient s.

Just as White (1988) pointed out in bis work on neural networks,
finding evidence against efficient markets is not easy. Traders who want
to use C;P may he disappointed by my results, whereas believers of effi-
cient markets may not he surprised by them at all. However, this artiele
extends the study of GP techniques by applying it to a new market, hy
adopting a realistic trading proeess, and by learning to maximize pure
returns and risk-adjusted returns. Additionally, tbe importance of sample
selection is bighlighted in evaluating teehnieal trading strategies and trad-
ing mechanisms. Note that AK, NWD. and this study all focused on tim-
ing the market with teehnieal trading rules. Future research may need to
foeus more on asset selection than on market timing, as most professional
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traders would argue that it Is much easier to pick stocks than to time
market highs and lows." Applying the similar techniques to locate better
performing financial assets would be an interesting direction for future
research.
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