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In this study, genetic programming, an optimization technique based
on the principles of natural evolution, was used to generate trading and
hedging rules in Standard & Poor’s 500 spot and futures markets. |
adopted a realistic trading process that included reasonable transaction
costs, obtainable execution prices, and all the unique features of futures
trading. The results suggested that the spot market was quite efficient
with most genetically generated trading rules duplicating the buy-and-
hold strategy. Most of the trading activities of these trading programs were
in the futures market, where transaction costs were substantially lower.
The out-of-sample performance of these trading rules varied from year to
year, indicating that genetic programming could not consistently find out-
performing technical trading rules. Some evidence was found for the su-
perior market-timing abilities of these rules. © 2000 John Wiley & Sons,
Inc. Jrl Fut Mark 20:911-942, 2000
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INTRODUCTION

The traditional view of market efficiency suggests that price incorporates
all available information, so it would not be profitable to trade on the
basis of past information. For this reason, technical analysis, which is
based on studying past prices and other information to forecast future
prices, has not been well received by academics. However, technical anal-
ysis continues to receive wide support from investment practitioners, and
the prevailing attitude of academics may also be changing after several
empirical proofs suggesting that some strategies can beat the market.'
Empirical methods for studying financial markets range from ordi-
nary least-square regressions to high-tech computing methods. Brock,
Lakonishok, and LeBaron (1992) studied two of the simplest and most
popular trading rules, moving average and trading range break, and found
significant positive returns by utilizing the trading rules. Cooper (1999)
showed that the filter strategy can outperform the buy-and-hold strategy
under relatively low transaction costs. Others have documented stock
return anomalies such as the weekend effect, the turn-of-the-month ef-
fect, the holiday effect, and the January effect.? A significant relationship
between return and variables such as price-earning ratios, market-to-book
ratio, size, and institutional ownership has also been documented.?
Driven by the development of computing technology, researchers
have applied computationally intensive methods to the financial markets.
The most popular method is the neural network.* The other method that
is attracting much attention is genetic algorithms and genetic program-
ming (GP). Neely, Weller, and Dittmar (1997; henceforth, NWD) used
GP techniques to find technical trading rules in the foreign exchange
market, and they found that the generated rules earned significant out-
of-sample excess returns over the period from 1981 to 1995. Allen and
Karjalainen (1999; henceforth, AK) applied GP to trade Standard &
Poor's (S&P) 500 index from 1928 to 1995, but they did not find consis-
tent excess returns over a simple buy-and-hold strategy in the holdout
sample periods. Given this conflicting evidence on the capabilities of GP
to find successful technical trading rules, several natural questions arise:
"I'here are many theories on why technical analysis can be useful, including the beauty contest theory
by Keynes (1936), the informationally inefficient market by Grossman and Stiglitz (1980) and Gross-
man (1995), the information discovery by Brown and Jennings (1989), and the information herding
by Froot, Scharfstein and Stein (1992).
See, for example, Lakonishok and Smidt (1988).

See, for example, Fama and French (1993) and Badrinath, Kale, and Noe (1995).
*See, for example, Trippi and DeSieno (1992) and Peterson and Peterson (1996).
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* Is GP really useful in finding technical trading rules in financial
markets?

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

* Can a real investor benefit from applying GP?

In this article, I address these questions by including the S&P 500 futures
market. The S&P 500 index studied by AK is an index and is not directly
tradable until the very recent emergence of index trusts, whereas the
foreign exchange markets studied by NWD are highly liquid. The trans-
action cost incorporated by AK was also much higher than the cost used
by NWD.’ These may be the 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 directly traded and are highly liquid.
The transaction cost in futures trading is also significantly lower than the
cost in equity trading. There is also evidence that the futures market and
the spot market are highly connected with strong price feedback.® By
applying GP to find trading rules in S&P 500 futures, I shed more light
on whether GP can be useful in another liquid market with lower trans-
action cost.

The focus of this article is whether a real investor can benefit from
GP. As pointed out by AK and NWD, one big advantage of using GP as
a search procedure is to assess the true out-of-sample performance of
technical trading rules. The trading rules are generated ex ante, and GP
serves as a search procedure to find the optimal rules without any hind-
sight. This contrasts with the common approach of studying technical
analysis through the evaluation of the performance of some known trad-
ing rules. That these rules are known to the researchers may be due to
their good ex post performance. This is the collective data snooping bias
pointed out by Sullivan, Timmermann, and White (1999). Although re-
searchers may find significant excess returns from these rules, an investor
still does not know which rule to use at the beginning of a period. If an
algorithm or a method with the ability to pick trading rules ex ante can
be found, a real investor can use such an algorithm with much higher
confidence. AK and NWD found conflicting evidence on whether GP is
such an algorithm in two different markets. In this article, | examine
whether GP can be useful to a real investor trading in the S&P 500
futures and spot markets. To assess this, I made sure that the transaction
’AK used a one-way transaction cost of 0.1, 0.25, and 0.5%, whereas NWD used a one-way trans-

action cost of 0.05%.
“See, for example, Kawaller, Koch, and Koch (1993).
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costs for both spot trading and futures trading were realistic and that the
prices at which trades took place were the ones obtainable by the investor.

Unlike AK and NWD, who evaluated the performance of the trading
rules with only buy and sell signals on daily return series, I adopted a
trading process in which trades were executed with prices with dollar
profits or losses. Futures 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 by GP in the market. | then tested whether the trading rules found
by GP could consistently outperform the buy-and-hold strategy.

To avoid data snooping bias from the selection of the time periods,
I adopted the rolling forward approach first proposed by Pesaran and
Timmerman (1995). When applying GP to learn trading rules for futures
trading only or for both index and futures 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 difficult for the
investor to earn positive excess returns consistently. This result is similar
to the findings of AK but contrary to the conclusions of NWD.

In addition, | studied a new application of GP 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. | specified the fitness measure that GP optimized as
the mean return minus the variance multiplied by the risk-aversion factor.
This fitness measure was the p—c? 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 GP tech-
nique could be employed to find trading strategies that maximized returns
and controlled the risk to a specified level. Although I 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 be disappointing to traders who would like
to use GP, this article makes several contributions to the understanding

"For a detailed discussion on conditions supporting a p—c” criterion, see Loffler (1996),
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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 quite efficient such that one cannot
outperform the buy-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 variation 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.
Finally, this article highlights the importance of the time-period selection
in evaluating technical trading rules. Without the rolling forward scheme
for period selection, one may come to a totally different conclusion. It is
essential for anvone 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 to GP. The setup is discussed in the third section, and the
results are presented in the fourth section. The final section concludes
the article.

Koza (1992) developed GP, which shares many of the features of the
genetic algorithms developed by Holland (1962, 1975). Both are opti-
mization techniques based on the principles of natural evolution. 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 good the solution is to the problem. Then, the so-
lution candidates are recombined through crossover and mutation to gen-
erate new solution candidates, or offspring. Similarly to natural selection,
the candidates with higher fitness measures are more likely to reproduce
offspring and keep their genes alive. The new generation of solution can-
didates are evaluated again, and they reproduce their offspring following
the same selection process. This evolution process is stopped whenever
certain terminating criteria are met.

The major difference between genetic algorithms and GP is the rep-
resentation of the solution candidates. In genetic algorithms, a solution
candidate is called a chromosome, which is a string of characters with a
fixed length. For a specific problem, chromosomes are mapped to the
specific solution domain of the problem. In GP, a solution candidate is
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represented as a treelike hierarchically structured computer program.
Each node of the tree is a function, or building block, 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. The whole program is computed recursively from the terminal
nodes to the root of the tree. The size, shape, and content of the tree can
change dynamically 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 techniques 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 contained in each solution
candidate. A solution candidate is composed of many pieces of schemata,
or building blocks. The evaluation of the solution candidate generates
information about 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 balancing 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 GP in economics is mainly in the area
of generating smart computer 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 functions
(ADFs; Koza, 1994). An ADF is one way to capture the idea of subroutine
and reusable codes in computer programming. The ADF differs from
other predefined functions in that it evaluates by traversing its own tree.

Hllxumplt‘ﬁ include Arifovic (1994, 1996), Ho (1996), and Noe and Pi (1995).
“See, for example, Allen and Karjalainen (1999), Andrews and Prager (1994), and Neely etal. (1997).
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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 higher 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-val-
ued functions (AND, OR, >, <, ete.) and real-valued functions (+, —,
X, /, maximum, minimum, average, lag, etc.). A complete list of the func-
tions used can be found in Table 1. The first tree is a Boolean-valued ADF,
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. The output of these two trees is transformed into the
range [0,1] by 1/(1 + e V), which is a common transformation used in
neural networks.'? Then, the transformed values are converted to trading
signals. For the S&P 500 futures market, five signals are generated by the
range [0,1] being divided into five equal segments. In descending order,
the signals represent two contracts held long, one contract held long, no
position, one contract held short, and two contracts held short.'' For the
S&P 500 spot market, five signals 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 holding 1,000 shares, 500 shares, 0 shares, 500 short
shares, and 1,000 short shares of the S&P 500 index. Short positions
have been allowed in the spot market. For institutional investors, selling
short does not appear to be 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. They 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 transformation because it was easier to divide the range [0,1] into five segments than
to divide the range ( —%,%). It did not have any elfect on the outcome.

£ )
"'Conforming to the practice, one contract represents the index multiplied by 500,
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TABLE |

Building Blocks Used in Genetic Programming

Building Blocks  Return Type Input Ouiput

AND Boolean 2 Boolean inputs, ¢,, ¢. c, AND c,

OR Boolean 2 Boolean inputs, ¢, ¢, &, ORE;

XOR Boolean 2 Boolean inputs, ¢,, ¢, c, XOR c,

> Boolean 2 real inputs, ¢, ¢, True if ¢, > c,, else false

< Boolean 2 real inputs; ¢,, ¢, True if ¢, < c., else false

True Boolean No input Always true

fFalse Boolean No input Always false

ADF-1 Boolean No input Output by traversing the first tree

lt-then—else Real One Boolean input, c,, two real If ¢, is true, output ¢,, else output

input, ¢, and ¢, Cy

+ Real Two real inputs, ¢, and ¢, &y + G

- Real Two real inputs, ¢, and ¢, C; — G4

X Real Two real inputs, ¢, and ¢, G ¥ o

/ Real Two real inputs, ¢, and ¢, &l

Maximum of two ~ Real Two real inputs, ¢, and ¢, Maximum (¢, ¢,)

Minimum of two Real Two real inputs, ¢, and ¢, Minimum (¢, ¢.)

Absolute value Real One real input, ¢, leyl

Lag spot price Real One real input, ¢, ¢, lagged spot prices?

Moving upper Real One real input, ¢, Maximum of the spot prices in
bound the past ¢, days®

Moving lower Real One real input, ¢, Minimum of the spot prices in the
bound past ¢, days®

Moving average  Real One real input, ¢, Average of the spot prices in the

past ¢, days®

Lag futures price  Real One real input, ¢, ¢, lagged futures prices*

Moving futures Real One real input, ¢, Average of the futures prices in
average the past ¢, days?

Open interest Real One real input, ¢, Open interest on day ¢,®

Futures volume Real One real input, ¢, Futures volume on day c¢,?

Spot price Real No input Closing spot price today

Futures price Real No input Closing futures price today

ADF-2 Real No input Output by traversing the second

tree
Constants Real No input Real number from -1 to 1

“If ¢, is negative, we used l¢,| to get the value and multiplied by —1 as the cutput

type is found randomly from the nth tree of the other program. The first
picked node and its branches are replaced with the second picked node
and its branches to generate a new program. Mutation is performed on
one program by the replacement of the program with a randomly gener-
ated one.

The fitness measure of a program is its performance of the portfolio
constructed based on its trade signals. In particular, I chose the p—c?
criterion, that is, the mean daily return minus the variance of the return
multiplied by a risk-aversion coefficient, k:
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if-then-else ifthen-else

/> \ buy sell > buy if-then-else
ave ave / \ / L
price max

nothing
m n / \
n price
n
Moving Average Trade Range Break
FIGURE 1
Examples of tree representations of simple trading rules.
If-then-else If-then-else
> price_future
price  ave_sp
Pl
max ADF-2
n_day _min time
/ o S
5 ADF-2
FIGURE 2
Example of a crossover operation.
Fla) = E(r,) — kVar,(r, (1)

where E, 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 of the investors if
the distributions of asset returns are normal or if the investors are strictly
variance averse. By using this fitness measure, the computer trader can
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be trained to trade with different risks tolerance. If k 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 becomes important in choosing a trading program.

As with other computationally intensive methods, there is a problem
of overfitting in GP. This means that spurious relations can be picked 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. The second period is the validation period, which
is used to select the best performing 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.

o

The program with the highest fitness is stored as the best 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 being selected as a parent
program is proportional to its adjusted fitness. The adjusted fitness
equals the fitness if all fitness measures of the population are non-
negative. If some fitness measures are negative, the adjusted fitness is
the fitness of the program minus the lowest fitness of the whole popu-
lation. The probability of becoming a parent program is then the ad-
justed fitness of 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 replace the dropout program in the population. With a prob-
ability of .001, the child program is mutated by the mutation operator.
This child program is then evaluated in the training period to obtain
its fitness. This selection—crossover—replacement sequence is repeated
100 times to form a new generation of genetic 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 run is stopped if 100 generations have been gener-
ated or if the performance of the best program does not improve for
40 generations. Otherwise, return to Step 3 for the next generation.

The Trading Process

Because | wanted to model the trading costs and trading process as re-
alistically as possible, all the bookkeeping of the trades is in dollars instead
of returns. At the start, the trader receives a cash asset A. At day t, two
trading suggestions are computed with all the information up tot — 1.
Then, the trade is executed at the closing price of t, on the basis of the
suggestions from the trading rule. This is a different trading process than
the ones employed by AK and NWD. In both articles, the trading sug-
gestions were generated on the basis of the information up tot — 1, and
then the return from t — 1 to t was added to the total return, depending
on the long or short position. This implies that the trader can establish
the position with the closing price at t — 1; in other words, the opening
price at day t is the same as the closing price of the previous day. This
assumption certainly does not hold for most financial markets.'? Actually,
when AK used 1-day lagged return, that is, the return fromt tot + 1, to
compute the performance of the trading rules, they found that a large
portion of the excess returns disappeared. The treatment of the trading
environment in this article ensures that the profit can be actually realized
by an investor using these trading rules.

In particular, | define the trading activities of 1 day as follows. First,
interest is added to the cash account on the basis of the cash balance at
t — 1 and the 3-month Treasury bill (I-bill) rate. This cash balance can
be positive or negative depending on the past trading results. If the cash
balance is negative, the trader is borrowing money to cover previous trad-
ing losses and trading costs. I made the assumption that the borrowing
rate is the same as the lending rate. This is not a bad assumption for
institutional traders. Second, future positions are marked to market on
the basis of the position at t — 1 and the difference between the futures
price of t and that of t — 1. The gain (loss) is added to (deducted from)
the cash account. Only the most recent futures contract, which 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 after the 15th of
the expiring month (March, June, September, December) of the former

"“In traders’ jargon, the opening price higher than the closing price of the previous day is called gap-
up, and the opening price lower than the closing price of the previous day is called gap-down.
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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 Fy per transaction and F,, per contract. If the
new position requires adding n contracts, a transaction cost of F; + nF,
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 Sy + nS,,, where Sy is the fixed cost per trans-
action and S, is the cost per share. The cash for buying (selling) shares
is drawn from (deposited into) the cash account, and the transaction cost
is also deducted from the cash account at the transaction time. At time
T, trading stops, all futures positions are closed, and all shares are sold.

The daily wealth of the trader (denoted w,) is defined as the value of
the stock holdings at day t and the cash balances after all the trading
activities at day t. 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 t is then the continuously Compounded return, [ng(wl/
w,_ ;). A bankruptey 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 follows: The starting asset
value A is 1,000 times the index on the 1st day of the 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 been incorporated. Because the average index
level during the study period was 427, the cost of $0.50 per share plus
the fixed cost Correspunds to a one-way percentage transaction cost of
0.12%. This is close to the transaction costs assumed by AK and is cer-
tainly a realistic assumption for institutional investors. In the futures
market, Fleming, Ostdiek, and Whaley (1995) pointed out that the av-

"The futures price series used by GP was constructed with the futures price of the most recent
futures contract and a switch to the next contract on the switching day. The switching date and the
futures price of the contract close to expiration were also stored.

¥ The margin requirement in futures trading is ignored in this setup. Because the trader can borrow
at the T-bill rate and the initial margin can be posted with the T-bill, it will not have anv wealth
effect on the traders. If the margin does not earn interest, there will be a wealth effect. A margin
requirement in the trading was included in an earlier setup, and the results were similar.
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erage bid—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), less than the cost of $36.00 assumed in this test. In addition,
by 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-bill rates from 1983 to 1998. The index data are from the Center
for Research in Security Prices. The vield of 3-month T-bills 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 ob-
tained from the Commodity Futures Trading Commission (CFTC) and
TurtleTrader.com."” Because at any date there usually existed four futures
contracts, a singlc time series of future prices, open interests, and vol-
umes was constructed with the nearest futures contract. The switch from
one contract to the next occurred on the 1st trading day after the 15th
of the expiring month of the old contract. For example, in February fu-
tures contracts expiring in March, June, September, and December of
that particular 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 the time series of futures prices, 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 reasonably
scaled, I divided the index spot and futures prices by 100 and the open
interest and volumes by 10,000 before feeding to the trading rules.

To guide against data snooping in the choice of time periods and to
study whether a real investor can use this procedure to trade, 1 rolled
forward the training period, validation period, and out-of-sample period
similarly to 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 available, and he or she defined the training

| give special thanks to Dae Jung for providing me with the futures data from the CFTC from 1986
to 1993, The futures data from 1983 to 1985 and from 1994 to 1998 are from the Free Resources
of TurtleTrader.com (http://www.turtletrader.co.uk/). The downloaded data were verified with the
data from the CFTC to ensure their correctness.

1*Special thanks to an anonymous referee for suggesting this roll forward approach.



924 Wang

1400

i S8P 500 Index |
{-:o------ S&P 500 futures !

1200

1000

800 A

600

- ’\"/v,"“/f

200 'annuﬂ_-.r“"-“"‘r
> 6 ® & @ @ D D D o B ® DD
F & F & 8
FFFFFLFFFLFPFFFEESF o

FIGURE 3
Standard & Poor’s 500 index and futures prices.

period to be 1984 and 1985 and the validation period to be 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 beginning 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, I ran 120 independent trials for
one set of scenarios. The results reported are all out-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 discussed previously. The risk-aversion coel-
ficient k was set to 0, so the object was to achieve maximum returns. This
was the same fitness measure used by AK and NWD. Hence, my results
complement theirs in providing evidence on whether GP can be 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 Il

Summary of the Results of the Trading Rules Generated to Trade in Futures
Markets Only (k = 0)

Bary and Hold M Mdn
Out-of- =
Sample Year r a Nb  Ne r a Cost F a Cost
87 000277 29199 3 2 -0.01212 3.2597 40944  0.00113 3.0347 4462
88 003826 1.1812 1 1 0.01999 0.9606 2298.2 0.02626 1.1620 1067
89 011095 09636 2 O 0.01183 0.8851 2860.2 0.02346 1.0668 2187.5
a0 -00269 1.0928 6 0 -0.00098 09741 6883.5 -0.01082 1.0236 7390.5
N 011202 09029 3 O 0.08682 09720 4309.3 0.07787 0.9981 5044
92 0.02598 06213 7 O 0.03444 05481 5593.2  0.03412 0.5828 5836
93 0.03666 0.5462 2 O 0.02157 0.5179 6228.1 0.01859 0.5453 6159.5
94 000443 06623 3 6 0.00804 0.6554 15135  0.00443 0.6623 485
95 0.11974 0530 1 O 0.01342 06459 49055 -0.01343 0.6641 4947
96 007311 08274 2 O 0.04316 0.8148 46458  0.04585 0.8114 4559
97 0.10797 12882 2 1 0.06858 1.3541 2602.1 0.10149 1.2896 1455
98 0.09577 1.4237 4 5 0.10342 1.3698 18309  0.09577 1.4237 582
sum 36 15

The first column contains the out-of-sample years for which the trading rules were evaluated. The second and third columns
contain the average daily returns (r) and standard deviation () of the daily returns of the buy-and-hold strategy (holding
long two futures contracts all 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-hold strategy in the out-of-sample year. Ne 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 daily returns, and transaction costs of the 10 trading rules. The final three columns contain the median
of average daily returns, standard deviation of daily returns, and transaction costs of the 10 trading rules. All daily returns
are in percentages

the time. I compared the GP-generated trading rules with this buy-and-
hold strategy in the futures market. In Table 11, I report the out-of-sample
results of the 120 trading rules. Overall, 36 trading rules performed better
than the buy-and-hold strategy in their corresponding out-of-sample
years, and 15 rules were just buy-and-hold. The performance varied a lot
for different years. For example, 7 out of the 10 rules outperformed the
buy-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 buy-and-
hold strategy, 0.026%. In 1995, the trading rules generated by the appli-
cation of 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
buy-and-hold strategies. The performance of the GP-generated trading
rules appeared to be sensitive to the time periods. The rules employed in
1995 were generated with 1992 and 1993 as the training period and 1994
as the validation period. As can be seen from the returns of buy-and-hold
strategy from 1992 to 1994, the returns were very modest during this
period. In 1995, however, the market rallied, and the strategies that were




trained from the previous low return period did not perform well in this
changing environment. On the contrary, when the out-of-sample period
was similar to the training period and the validation period, GP could at
least learn to use a buy-and-hold strategy if it could not find a better one.
This was the case for 1998, when the returns in the previous 3 years were
high. Five of the 10 trading rules trained from 1995 to 1997 were just
buy-and-hold, and the other four rules showed better performance in the
out-of-sample period, 1998.

Because a real investor would have no way of knowing whether the
next period would be similar to the training periods he or she could see,
the results in Table 11 cast doubt on whether GP can be used by a real
investor to beat the buy-and-hold strategy in the futures market. This is
consistent with the finding of AK but contrary to the results of NWD.
The rolling forward scheme is very important for coming to this conclu-
sion both in this article 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 buy-and-hold strategy in the out-of-sample period.
Once they used the rolling forward mechanism to prevent data-snooping
bias in the selection of time periods, the results were no longer conclu-
sive. Similarly, in a previous dralt of this article 1 defined the training
period as April 1986 to September 1987 and validation period as 1988
and 1989. Then GP-generated rules consistently beat the buy-and-hold
strategy in the only out-of-sample period, 1990 to 1993. However, a real
investor who would use GP is more likely to use the rolling forward
scheme specified in this study. In this case, as shown in Table II, the
investor cannot outperform the buy-and-hold strategy consistently. NWD
did not use the rolling forward approach to test their results for 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 exchange markets.

The other possible reason for the different conclusions drawn by
NWD versus AK and this article is the choice of benchmarks. In this
article 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 foreign 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 by Jorion
and Goetzmann (1999), the real U.S. equity returns in the twentieth
century are the highest among all countries. Hence, it may be difficult to
beat the buy-and-hold strategy in the S&P 500 spot and futures markets,
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TABLE Il

Summary of the Results of the Trading Rules Generated to Trade in Both Spot
and Futures Markets (k = 0)

Buy and Hold M Mdn
Out-of- ——
Sample Year r o Nb Ne r a Cost r a Cost
a7 —-0.03229 5.3564 4 2 —0.03216 53456 29942 -—-0.03229 53554 25495
88 0.03512 2.2470 4 1 0.03872 1.8286 4924.7 0.03476 2.1341 2512
89 0.16744 1.6059 0 0 0.01182 1.2036 6769.8 0.04246 0.9660 7491
90 -0.10112 2.4371 9 0 -0.04386 1.5043 6390.8 -—0.04504 1.2317 56925
91 0.17659 1.5998 3 1 0.16708 1.4783 4008.7 0.16903 15717 2546
92 0.02666 1.2573 5 0 0.03988 1.0171 8388.7 0.03716 0.9669 9570.5
93 0.05136 10519 2 0 0.03281 0.8276 93396 0.03922 08929 58025
94 -0.02093 1.3171 3 6 -—-001833 1.2742 21475 -0.02093 1.3171 1535
95 0.19684 08953 0O 0 0.06614 0.5381 9140.8 0.06768 0.4894 4348
96 0.11649 1.4986 1 0 0.07269 1.0399 7502.6 0.07924 1.1382 40655
97 0.17769 2.1766 b 1 0.17931 2.0915 27211 0.17774 21757 2214
98 0.15676 2.6061 3 6 0.16067 2.5351 5914.3 0.15676 2.6061 1535
sum 38 17

The first column contains the out-of-sample years for which the trading rules were evaluated. The second and third columns
contain the average daily returns (r) and standard deviation () of the daily returns of the buy-and-hold strategy (holding
long 1,000 shares of index and two futures contracts all 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 as the training period. Nb i1s the number of rules
that produced better average daily returns than the buy-and-hold strategy in the out-of-sample year. Ne 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 daily returns, and transaction costs of the 10 trading rules. The final three
columns contain the median of average daily returns, standard deviation of daily returns, and transaction costs of the 10
trading rules. All daily returns are in percentages

but the task may be easier in other markets where GP can be more
helpful.

Trading in Both Spot and Futures

In this section, 1 use GP to search for trading rules to trade simulta-
neously in both the S&P 500 spot market and futures market. I still
assume a risk-neutral investor, i.e., k = 0. In this case, the buy-and-hold
strategy is holding long 1,000 shares of index and two futures contracts
all the time. The GP-generated trading rules using the rolling forward
scheme are thus compared with this maximum exposure strategy in both
markets. Table Il provides a summary of the results of these 120 trading
rules found by GP to trade in both markets.

The results were similar to the ones in the previous section. Out of
the 120 trading rules, 38 outperformed the buy-and-hold strategy in the
out-of-sample year, and 17 did the same as the buy-and-hold strategy. The



928

Wang

same variation of performance in different time periods existed as well.
In both 1994 and 1998, 3 of the 10 rules performed better than the buy-
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
for 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 beat the buy-and-hold
strategy. On the contrary, when the out-of-sample year was drastically
different from the training and validation periods, the performance of
GP-generated trading rules deteriorated. This was the case for 1989 and
1995,

Trading and Hedging in Both Spot and Futures

An investor can hedge his or her positions in the spot market using fu-
tures. In this section, | examine whether GP can find trading rules that
provide better risk-adjusted returns. As previously specified, I chose the
objective to be the u—c? criterion, that is, the mean daily return minus
the variance of the return multiplied by a risk-aversion coefficient, k. In
particular, I set k equal to 0.03.'” When this risk-aversion coefficient was
set at 0.03, the p—o? criterion for the buy-and-hold strategy in the index
only was higher than that for the buy-and-hold strategy in both index and
futures markets simultaneously. It was also higher than the p—c? criterion
of investing in T-bills 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-bills only
is also considered very conservative, and the performance of S&P 500
index has been the benchmark for a lot of portfolio analyses. In the sample
period I studied , if an investor had a risk-aversion coefficient of 0.03 and
maximized the —c? 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
the index and futures or just holding T-bills.

| trained 120 trading rules to maximize the p—c? 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 vear. Table IV provides the summary results
of this scenario. Out of the 120 rules, 57 performed better than the buy-
and-hold counterpart in risk-adjusted returns. In general, the GP-gen-

"In an earlier draft of this article, | varied k from 0 to 0.1 by 0.01 increments. Trading rules generated
with high k had lower daily variations than rules found when k was low. Hence, GP appears to
recognize the need to hedge when presented with such an objective.
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erated rules were likely to do better in those vears 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
of 10 outperformed in 1990, and 9 out of 10 outperformed in 1994. In
1992 and 1993, when the index moved up moderately, there were 9 and
8 rules, respectively, that provided higher risk-adjusted returns. In those
vears when the index moved up by a large percentage, very few rules did
better than buying the index and holding it. The rules were generated
with the training period before the year they were evaluated. Hence, all
the performances were out-of-sample performances. Similar to the results
in previous sections, the variation in the perf()rmance of GP—generated
rules was quite big across different years.

To better demonstrate the performance variation of individual trad-
ing rules, Figures 4 and 5 plot the means and standard deviations of the
trading rules for 2 out-of-sample years, 1992 and 1995. In 1992, 21 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

The 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 of 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) — () = o + Br, () — (1) + y(r () — r(8)* + &) (2)

where r, ri, 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 ability. The hypothesis of no abnormal market-timing ability
implies that v is zero, whereas a positive v is an indication of high market-
timing abilitv. The other model of market-timing is based on the regres-
sion proposed by Merton and Henriksson (1981):

r(t) — rp(t) = o + Blr, (1) — rp(t) + &(r,(t) — (1)) + &) (3)

where the coefficient ¢ is the measure of market-timing ability. A positive
& indicates the ability to forecast when the market return will exceed the
risk-free rate.
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FIGURE 4
Return mean—variance for trading strategies in 1992,

These regressions were run for all 360 trading rules generated under
the previous three scenarios with the return of the S&P 500 index as the
market return and the return on T-bills as the risk-free return. Table V
presents a summary of the market-timing ability measures of these trading
rules. There was some evidence that GP-generated trading rules had some
market-timing capability. Over 40% of the timing coefficients were sig-
nificantly positive at the 5% level. This result was consistent with AK,
who also found that GP-generated rules were able to identify periods
when daily returns were positive and volatility was low.

I also evaluated the performance of these computer-generated trad-
ing rules using the conditional beta approach proposed by Ferson and
Schadt (1996). The timing ability equations were run with the conditional
beta. The results, however, did not change qualitatively from the uncon-
ditional version.

Trading Patterns

In this section, the trading patterns of these genetically generated trading
programs are investigated. Table VI provides a summary of the average
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FIGURE 5
Return mean—variance for trading strategies in 1995,

daily positions and the total number of position changes of the 360 trad-
ing rules previously generated. When the objective was return only and
both the index and futures markets were allowed to trade, the trading
rules generated by GP were more likely to trade in the futures market
because the transaction cost there was substantially 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 changes was less than three for 8 out-of-sample years and
close to six in the other 4 years. A buy-and-hold strategy requires two
position changes, 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 much
beyond the buy-and-hold strategy. In addition, 93 of them were exactly
duplicates of buy-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-hold strategy in futures market. The average
number of position changes was much 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-Timing Abilities of the Trading Rules

Treynor and Mazuy Merton and Henriksson
Out-of-Sample Year My Np Nps M ¢ Np Nps
Panel A: Trading Rules Generated to Trade in Futures 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
a1 7.09950 8 8 0.21318 g 4
g2 9.10003 9 5 0.21454 9 5
93 1.61615 3 2 0.07832 4 2
94 -0.563756 2 1 -0.01969 2 0
95 11.96870 8 7 0.77937 7 i
96 2.44988 8 8 0.80626 8 8
o7 0.52336 2 2 —0.06308 3 0
98 0.24513 8 1 0.07555 9 2
Sum 65 48 72 41
Panel B: Trading Rules Generated to Trade in Both Spot and Futures 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 Z rd
81 5.43551 g 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
85 20.69446 10 10 1.27994 10 10
96 3.22876 10 9 1.04792 2] 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 C: Trading Rules Generated to Trade in Both Spot and Futures Markets (k = 0.03)
87 1.84371 7 T 0.55929 8 6
88 —3.31400 3 3 -0.15811 3 B
89 —1.15309 5 0 —-0.07228 4 0
90 1.26071 6 5 0.24236 5 4
91 5.80572 10 9 0.16070 9 7
92 5.57647 9 2 0.12791 9 2
83 8.93575 10 10 0.24674 10 3
94 9.77313 Q 6 0.20673 9 4
95 10.26986 9 8 0.72633 9 8
96 3.94504 10 10 1.33627 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:

) — rlh) = a+ Mr ) = () + 2r ) = rlF + e

The second column contains the mean of y of the 10 trading rules. The third column (Np) contains the number of trading
rules with positive 3, and the fourth column (Nps) contains the number of trading rules with positive y significant at the 5%
level. The market-timing measure of Merton and Henriksson (1981) is ¢ in the following equation

A = () = a + fr,(0 — r(h) + Hrl) — n(f) + o)

The fifth column contains the mean of ¢ 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 « significant at the 5% level.
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TABLE VI

Summary of the Positions and the Position Changes of the Trading Rules

Futures Only Index and Futures Index and Futures
(k = 0) (k = 0) (k = 0.03)

Out-of- Futures Index Futures Index Futures
Sample

Year P Ne Nh P Ne Nh P Ne Nh P Ne Nh P Ne¢ Nh
87 101 482 2 1000 2 10 156 19.3 2 508 33 6 0.13 446 1
88 0.92 335 1 997 28 8 1.08 46.6 1 650 22 & 0.57 534 1
89 -041 446 0 600 16 7 -—-048 653 0 -—-375 3.5 1 062 104 O
90 044 781 0 452 28 5 069 518 1 -163 36 1 060 265 2
91 078 427 0 946 28 B8 147 263 2 251 1 2 1283 318 2
92 086 711 0 999 28 9 0.71 72 0 —-289 24 2 086 276 2
93 007 778 0 706 56 5 092 685 0 -850 2 0 136 & 6
94 171 135 6 1000 2 10 184 149 6 649 18 4 1.03 428 1
95 -0D55 529 0 860 63 9 -113 407 O 06 08 0 -099 44 0
96 078 522 0 572 52 4 1.08 402 1 145 95 3 062 312 3
97 169 249 1 999 22 9 1.70 137 2 949 22 8 103 315 2
98 175 205 5 961 62 9 199 4 6 982 47 7 184 128 6
Sum 15 93 21 39 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 rules in Table Il. The section Index and Futures (k = 0) summarizes 120 trading rules in
Table lll. The section Index and Futures (k = 0.03) summarizes 120 trading rules in Table [V. The futures column contains
the positions for trading in the futures market. The index column 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.) Nc is the average position change
over the out-of-sample year and across all 10 trading rules. Nhis the number of rules that mimic buy-and-hold strategy out
of the 10 trading rules

Hence, GP recognized 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 buy-and-hold
strategy most of the time in the spot market.

When the object was maximizing risk-adjusted returns, the number
of rules that mimicked the buy-and-hold strategy in the spot market
dropped to 39. The average position was far less than 1,000 and even
turned negative for 4 years. This indicates that the rules were taking less
exposure and sometimes negative exposure to the index to reduce risk.
The number of position changes was still low for the index market. This
implies that most trading rules took on a position and maintained the
position for a long period. The position may not be the maximum exposure
because the goal was to maximize risk-adjusted returns. However, the
negative effect of frequent trading given existing transaction costs was
clearly recognized by these trading rules. The trading metrics in the fu-
tures market when k = 0.03 were similar to those when k = 0. Trading
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Futures Trading Index Trading
if-then-else long 1000 shares

< \ short 2 contracts  long 2 contracts
Lag_volume /+ \

9 futures_price futures_price

FIGURE 6
The reduced form of one trading rule found by genetic programming to trade in both spot and
futures markets with k = 0.

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

One issue related to the time when the rules chose to be in the
market is the dividend. Because the S&P 500 index was used to compute
the market returns, the returns that investors received from the stock
dividends were excluded. However, because the genetically generated
trading programs with k = 0 prescribed an index trading strategy ex-
tremely close to the buy-and-hold strategy, they collected all the stock
dividends. Hence, the performance did not change for these trading pro-
grams when the dividends were included in the return. When the risk-
aversion coefficient k was higher, the periods that these rules chose to be
in the market were shorter, and the dividend might change the relative
performance over the benchmarks. However, because all these programs
were generated under the assumption that there was no dividend, one
could generate trading programs that achieved the same goal with the
dividend included in the returns.

The program trees of the GP-generated trading rules were very com-
plex and contained many redundant branches. I broke down two rules to
provide a better understanding of the trading rules. Figure 6 shows the
reduced form of the index and futures trading rule that had the best out-
of-sample performance with a risk-averse coefficient of 0. This rule was
generated with 1994 to 1995 as the training period and 1996 as the
validation period. In the out-of-sample year, 1997, it achieved an average
daily return of 0.216% with a standard deviation of 1.49. As shown in
Figure 6, this rule actually was quite simple in its reduced form.'® It

"Before reduction, the rule had 221 nodes.
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ADF 2 Futures Trading Index Trading
lag _spot_price if-then-else long 1000 shares

+
/ \ > short 2 contracts  if-then-else
ave_price  lag-spot_price / \ / \

‘ futures_price ADF 2

<
futures_price  spot_price / \

spot_price ADF 2

long 2 contracts hold 0 contract

FIGURE 7
The reduced form of one trading rule found by genetic programming to trade in both spot and
futures markets with k = 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 price
was greater than the 9-day lagged futures volume,'? in which case it took
two contracts held short. At first glance, this rule did not make too much
sense in comparing price to volume. However, there is an explanation for
the rule if I separate the relation between volume and futures price. That
is, this rule predicted a market downturn when futures prices rose very
high and the rise was achieved with low volume. The direct comparison
of price and volume was probably the result of scaling coincidence.

The other trading rule I studied was the rule with the highest fitness
measure when trading in both spot and futures market and the risk-aver-
sion coefficient was 0.03. This rule was generated with 1993 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 futures market, this rule
compared the futures price to some lag spot price computed from an ADF.
If the futures price was greater, then it shorted two contracts. Otherwise,
if the spot price was less than the lag price, it longed two contract and
held no position if the spot price was greater than the lag price. The use
of ADF made the representation of the trading rule simpler by avoiding
duplication of the same branches. In the spot market, its strategy was
also buy and hold. This strategy appeared to use futures to hedge the
position in the spot market. When the futures price was too high, it
shorted the futures to reduce exposure. When both the futures price and
spot price dropped down from some previous levels, it longed two con-

"The volumes were divided by 10,000, and the prices were divided by 100 as input to trading rules.
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tracts to double the exposure. If one looks at the trading strategy for the
futures market only, this rule appears to have bet on market reversal.
However, combined with the buy-and-hold strategy in the index, this rule
was clearly hedging when the market got too high but became very ag-
gressive during market dips.

DISCUSSION

It is important to recognize that the trading strategies, once created, were
being evaluated ex post. The issue of finding trading strategies ex ante is
an open question and attracts much 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 be inconclusive.
Because the out-of-sample performances of the trading strategies varied
over the years, an investor would not have very high confidence at the
beginning of the new year that the trading strategies trained from the past
would do better than the buy-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 approach was essential to arriving at this conclusion. Without the
rolling forward test over a long period, results could be biased by the
selection of time periods.

There are several explanations for this result. One is market effi-
ciency. The markets for the S&P 500 index and futures may be quite
efficient so that it is difficult, if not impossible, for any search procedure
to consistently find useful technical trading rules ex ante. The 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, | do not think
this is the main cause of my results. As shown by all the references in the
second section, genetic algorithms and GP have been applied to a wide
range of tasks and have demonstrated their capability of finding optimal
solutions. The parameter values I used in this application, such as parent
selection probability, mutation probability, population size, and length of
the run, are standard in most GP applications. 1 did not optimize these

> = - : B . A
*"LeBaron and Weigend (1995) provided one method of finding a statistical distribution through a
resampling method similar to bootstrapping.
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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 by GP
displayed some timing capability. More than 40% of the rules had signifi-
cant positive timing coefficients, indicating that the learning process of
GP did have some power. In addition, because | did not add any buy-and-
hold strategies in the initial population at the start of the run, the fact
that many GP-generated rules adopted the buy-and-hold strategy in the
index market was an indication of learning in progress. Given the trans-
action costs in the spot market, the best strategy that GP gravitated to
was buy and hold. This was both an indication of the learning ability of
GP and evidence that the index market was efficient if transaction costs
had been taken into account. However, GP found trading rules that were
much more active in the futures market because of the low transaction
costs there. The two trading rules studied in the previous section 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 vyears, the trading rules generated by GP compared
favorably to the buy-and-hold strategy. It was when the market trend
changed, especially when the market was changing from a down or flat
market to an up market, that GP-generated rules were least likely to out-
perform the buy-and-hold strategy. Overall, my results suggest that GP
can find successful trading rules in some years but can also find bad
trading rules in other vears. Because ex ante one cannot differentiate the
two types of rules, the usefulness of GP as a search procedure is limited.
Overall, I think the lukewarm results of the trading rules have more to
do with the market being 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,

. o . 3 A 20
I did not find evidence against efficient markets.”~

CONCLUSION

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

L] . . . . . . . . .
*!Optimization of the parameters to improve performance may introduce more data snooping bias
because this involves the attempt to obtain better ex post performance by the adjustment of ex ante
parameters.

““White (1988) came to the same conclusion with the application of neural networks.
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tested GP in three scenarios: generating technical trading rules to maxi-
mize returns in the S&P 500 futures market, learning trading rules to
maximize returns in both the S&P 500 index and futures markets, and
searching for trading programs that maximized risk-adjusted returns (the
mean returns minus the variance multiplied by the risk-aversion coeffi-
cient) in both markets. I adopted a realistic trading environment and
prevented any hindsight when GP learned the trading rules. The training
period, validation period, and out-of-sample period were rolled forward
cach vear to simulate the decision-making process of a real investor. In
cach out-of-sample vear, the performances of GP-generated trading rules
varied a lot. There were some rules that outperformed the buy-and-hold
strategy and some that did not. Overall, | do not have conclusive evidence
that GP is a magic procedure capable of finding technical trading rules
ex ante. Ny results extend AK's similar findings in the S&P 500 index to
the S&P 500 futures and hedging strategies.

Interestingly, most trading rules are buy and hold in the index and
execute most of the trades in the futures market. This suggests that there
are relatively few opportunities in the spot market for GP with the trans-
action costs considered. However, because the transaction cost in the
futures market is much lower, GP may find strategies that improve on
buy-and-hold strategy. When the objective was risk-adjusted return, GP
recognized the need to reduce the risk and generated trading programs
with lower day-to-day variation. Nearly half of the trading rules outper-
formed the buy-and-hold strategy in the index by the u—c~ 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 genetically 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
coethicients.

Just as White (1988) pointed out in his work on neural networks,
finding evidence against efficient markets is not easy. Traders who want
to use GP may be disappointed by my results, whereas believers of effi-
cient markets may not be surprised by them at all. However, this article
extends the study of GP techniques by applving it to a new market, by
adopting a realistic trading process, and by learning to maximize pure
returns and risk-adjusted returns. Additionally, the importance of sample
selection is highlighted in evaluating technical trading strategies and trad-
ing mechanisms. Note that AK, NWD, and this study all focused on tim-
ing the market with technical trading rules. Future research may need to
focus 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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