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SUMMARY
Investment involves the maximisation of return on one's investment whilst minimising risk. Good
forecasting, which often requires expert knowledge, can help to reduce risk. In this paper, we
propose a genetic programming based system EDDIE, (which stands for Evolutionary Dynamic
Data Investment Evaluator), as a forecasting tool. Genetic programming is inspired by evolution
theory, and has been demonstrated to be successful in other areas. EDDIE interacts with the users
and generates decision trees, which can also be seen as rule sets. We argue that EDDIE is suitable
for forecasting because apart from utilising the power of genetic programming to efficiently search
the space of decision trees, it allows expert knowledge to be channelled into forecasting and it
generates rules which can easily be understood and verified. EDDIE has been applied to horse
racing and achieved outstanding results. When experimented on 180 handicap races (real data) in
the UK, it out-performed other common strategies used in hor se race betting by great margins. The
idea was then extended to financial forecasting. When tested on historical S& P-500 data EDDIE
achieved a respectable annual rate of return over a three and a half year period. While luck may
play a part in the success of EDDIE, our experimental results do indicate that EDDIE is a tool

which deserves mor e resear ch.
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INTRODUCTION

Financia investment is concerned with risking money in order to gain more money. The objective is to
minimise risk and maximise return on investment (ROI). Information can often help us to reduce risk. For
example, to predict the future price of a share, useful information include; its past and present prices,
price-earning ratios, price-to-book values, dividends, market indices, who said what in the public domain,
etc. The aim of our research is to build tools to help investors to make best use of the information
available to them. Such tools should improve the productivity of the users by alowing them to examine
more sets of rulesin less time. To some users, such tools could help them to do what they did not have the

knowledge to do without such tools.

Many factors could directly or indirectly affect the future price of an investment. Such factors are often
inter-related, which adds to the difficulty of analysis. The combinatorial explosion problem prevents one
from examining combinations of all the factors and their possible ways of interaction. We have devel oped
EDDIE (Evolutionary Dynamic Data Investment Evaluator), a system using evolutionary computation [3]
[20] [21] [22] [26] to help investors to evaluate investment opportunities. Our first implementation
EDDIE-1 was applied to the horse racing domain, whose similarity with financial forecasting has been
well documented [4] [17]. EDDIE-1 alows a potential investor to make hypotheses about the factors
which are relevant to the result of a horse race. It then tests those hypotheses using historical data and
evolves, by way of natural selection, a decision tree which aims to provide a good ROI. A decision tree
generated by EDDIE-1 can be seen as a set of IF-THEN rules which classifies horses to winners or losers.

The idea was then extended to financial forecasting. This paper reports the promising results so far.

GENETIC PROGRAMMING AS A TOOL FOR FORECASTING

In this section, we introduce the basic ideas in genetic programming, and explain how it can be used for

building forecasting tools.

Genetic Algorithms (GAs) [10] [15] and Genetic Programming (GP) [21] are both inspired by Darwin’s

evolution theory. In typica GAs, a candidate solution is represented by a string. In our GP, a candidate



solution is represented by a genetic decision tree (GDT). The basic elements of GDTs are rules and
forecast values, which correspond to the functions and terminals in GP. Figure 1 shows an example of a
simple GDT. A useful GDT in the real world is almost certainly a lot more sophisticated than this. In GP
terms, the questionsin the example GDT are functions, and the proposed actions are terminals, which may

also be forecast values. In this example, the GDT is binary; in general, this need not be the case.

IsX’s price-earning ratio 20% or more
lower than the average in FT SE-1007?

N

Has X’ s price risen by 5% or Is X’s 14 days moving average higher
more since yesterday? than its price during the last three days?
- \i y'&/ )
Buy Has X’ s price fallen by 15% Sell

or more since yesterday?

yes no

Figure 1. A (simplistic) GDT concerning the actions to take with Share X

A GDT can be seen as a set of rules. For example, one of the rules expressed inthe GDT infigure 1is.

IF X’s price-earning ratio is 20% or more |lower than the average in FT SE-100

AND X’s price has risen by 5% or more since yesterday,

THEN Buy X.
GP is attractive for financial applications because it manipulates GDTs (as opposed to strings in GAS).
This allows one to handle rule sets of virtually any size'. Besides, rules are easy to understand and
evaluate by human users, which makes them more attractive than neural networks, most of which are black

boxes[14] [34].

1 In GAs, strings are normally of uniform size, with exceptions such as Messy GAs[16].



For a GP to work, one must be able to evaluate each GDT, and assign to it a fithess value, which reflects
the quality of the GDT. Our GP maintains a set of GDTs called a population and works in iterations. In
each iteration, GDTs are picked from the population weighted randomly using fithess-proportionate
reproduction, which means that the fitter a GDT is, the greater chance it has of being picked. The set of
al GDTsthus picked form a mating pool from which pairs of GDTs, which are referred to as parents, are
picked. A branch in each parent is picked at random. The parents then exchange the subtrees under those
branches, as shown in figure 2. This operation is called crossover. In figure 2, three nodes are cut off from
Parent 1 at level 2. The subtree under the right hand branch of the root is picked from Parent 2, which is
shaded for illustration purpose. Offspring 1 is generated by replacing the three nodes in Parent 1 by the
part cut from Parent 2. Offspring 2 is generated similarly. Offspring are mutated occasionally, which is
done by replacing random elements of the GDT by random (or heuristically determined) values. The
possibly mutated offspring will then replace the old GDTs to form the new population. There are many
variations in the way that the population is updated by new offspring, the way that the initial population is
generated, the way that parents are picked, the way that crossover and mutation is done, etc. (e.g. see [3]

[21] [22] [31]). These will not be elaborated here.

-
S50 & @b
R o

Parent 1 Parent 2 Offspring 1 Offspring 2

Figure 2. Crossover in genetic programming (cut off points marked by <)

For a GP to succeed, subtrees (or genetic material as they are sometimes referred to) which contribute to
fitter candidate solutions (GDTs) get more chance of surviving in the population; this resembles survival
of the fittest in nature. Besides, a good population (or “gene pool”) must also have sufficient

diversification to alow new candidate solutions, or “species’, to be generated. So, a GP must reward the



fittest candidate solutions but give weak ones reasonable chances to survive. Many successful applications

of GP in various domains have been reported, e.g. see[3] [20] [22] [26].

Figure 3 shows the way that the proposed GP-based EDDIE system could be used as as forecasting tool. It
should be emphasised that EDDIE does not replace the role of experts. It serves to improve the

productivity of the users who may have various levels of expertise in the domain.

1. Suggest factorsto consider

Users >
' EDDIE Training
. |
3. Approval/ rejection data
Y
Genetic decisiontree |

(GDT) 2. Generate decision tree

Figure 3. Therole of EDDIE as a forecasting tool

Given alarge database of facts about an investment opportunity, the users are responsible for suggesting a
set of factors which they consider relevant. Thisis a point where expert knowledge can be channelled into
the computer program. By using GP, what EDDIE does is to help the user to efficiently explore the space
of models based on the factors suggested. With the help of historical data (often referred to as training
data), the evolutionary mechanism will hopefully take into consideration the interactions between the
factors and produce a GDT, which the human users (using their expertise) may approve or reject. This
saves the users from building the rules, by looking at every possible interaction between the factors,
themselves. GP contains an element of randomness, so EDDIE may produce aternative GDTs should it be
asked to do so. Alternatively, the users may ask EDDIE to build alternative GDTs based on a modified set
of factors. This generate and approve/reject cycle may continue until the users are satisfied with the GDTs

generated or run out of time.



EDDIE-1, A GENETIC PROGRAMMING TOOL FOR HORSE RACING

Our research in EDDIE was encouraged by the success of our early work in applying EDDIE-1, an
implementation of EDDIE, to horse racing, which many argue is closely related to financial forecasting
[4] [17]. (Infact, de la Maza [25] aso applied his results in horse racing research to finance.) In EDDIE-
1, our task was to predict the winners and losers in a horse race. It is commonly believed that past
performance, trainer-jockey information, etc. of the participating horses can help in predicting the
outcome of a race. All functions in EDDIE-1 take two arguments and all terminals take integer values
which forecast the future performance of each horse in the coming race. Each function in aGDT consists
of attributes and operators. Attributes are characteristics that a horse may have, such as the position in
which it finished itslast race or the weight the horse is set to carry in the coming race. Operators consist of
various logical and relational operations such as equals (one attribute equals another). For example, an
expert might believe that the amount of prize money that a horse races for in some way denotes its class.
In other words the better the horse, the better the class of race it competes in (hence the higher the prize
money it competes for). We then code for attributes that a horse may have, such as the amount of prize
money the horse competed for in its last, 2nd last and 3rd last races. We then code relevant operators, in

this case relationals; <, > and =. This allows EDDIE-1 to generate functions such as,

Winner’s Prize Money in Last Race < Winner’s Prize Money in This Race?

This function asks if the prize money in the horse's last race is less than the prize money available in the
horse's current race. As a source of information the work of a horse racing expert was used so as to
propose some hypotheses as to what made one horse better than another [28]. All GDTs in the EDDIE-1
system are binary decision trees in that each function in the decision tree returns a Boolean value and then

branches into one of two possible ways depending on whether the answer to the rule was true or false.

Each terminal in a GDT consists of an integer which represents a forecast for each horse in a given race.
As questions in the GDT are asked, of each horse, a walk is performed on that GDT, and one
progressively moves down the tree until a terminating forecast value is reached. The decision on that

horse is made and that decision is a confidence rating on how well that horse is expected to perform in the



coming race. The horse with the highest confidence value in any given race is deemed to be the most

probable winner.

Once all attributes and associated operators (that code for the expert’s hypotheses) have been provided
EDDIE-1 is ready to generate a population of GDTs. EDDIE-1 randomly selects attributes and operators

s0 as to generate random functions and, from these functions, generates GDTs such as the following,

(W1 < WO (P1 =134 20) (P2 < 328 30))

Here we see a GDT that asks if the value in attribute W1 is |ess than the value held in attribute WO. If this
is true then the rule (P1 = 1 34 20) is fired otherwise the rule (P2 < 3 28 30) is fired. If for example W1
was not less than WO then EDDIE-1 would try to determine if P2 was less than 3. If P2 was less than 3
then the horse being evaluated would be given a rating of 28, otherwise it would be given a rating of 30

and the evaluation would terminate.

Each GDT in the population is tested against a training database and scored depending on how well it
makes the correct predictions. Those GDTs with the highest scores are said to have a high fitness with
regards to solving the problem of choosing the winner of a horse race. Mates are chosen, as a function of
fitness, and are paired off into a mating pool and crossover ensues. Crossover swaps a single, randomly
selected, sub-tree between two parents and thus generates two new GDTs or offspring. The offspring then
replace the parents in the population. The different structure of the two offspring, although probably
different to their parents, may be better fitted to the task of selecting the winner of a horse race. Thisisthe
way of natural selection. In the case of EDDIE-1, we want to generate GDTs which are better suited to
selecting the winner of a horse race. When the new population has been created the process then starts
again with the new population and a further round of crossovers take place and so on. After a number of
generations, the best GDT discovered so far is used for selecting the winner of a horse race. If the best
GDT is not producing a high enough ROI then the expert’s hypotheses are deemed to be wrong. The
expert then alows for new rules by adding and replacing attributes and operators as the expert’'s

knowledge deems necessary. This process continues until a good ROI is obtained.



PERFORMANCE OF EDDIE-1 ON HORSE RACING

A database of 180 real UK handicap races in 1993, for horses rated from O to 80 by the officia
handicapper, was used®. This type of race was selected because it is generally recognised as being difficult
to predict the outcome [6]. It is therefore an excellent way of testing EDDIE-1. The 180 races were split
into two databases of 150 training races and 30 testing races. The training races were used to generate
GDTs to find winners and the testing races were used to test the ROI produced by GDTs generated by
EDDIE-1. We used a population size of 1,000, crossover rate 90%, reproduction rate 10% (straight

copying to the new population) and no mutation. EDDIE-1 was asked to run for 50 generations.

Five runs were made to evolve GDTs for selecting the winner in each horse race. The results of the five
runs are shown in figure 4. The run with the best strike rate (i.e. run 2, which produced the greatest

percentage of winners from bets made) was chosen as the system to run on the test database.

Run Number of Number of Strike Rate
Bets Winning Bets
1 127 44 34.6%
2 123 46 37.4%
3 119 37 31.1%
4 119 43 36.1%
5 125 40 32.0%

Figure 4. Results of teaching phase

After we obtained a decision tree we applied it to atest database of thirty races, of which the decision tree
had no prior knowledge. For a test of the methodology, EDDIE-1 was pitted against three other systems;
Favourites®, Handicapper* and Chance’, so as to see how it compared against them in maximising ROI.

For comparison, an imaginary bet of £1 was placed on each horse that was uniquely selected, (i.e. EDDIE-

21993 data was used because this was the most recent data available to the authors at the time when these tests were
done. Since then, like delaMaza[14], our reserach has moved on to financial applications.

% Betting on the favourite in the market is a common system but often yields wins with low odds and hence a low
return on investment.

4 The official handicapper is a good judge of a horses ability. His task is to burden each horse with a certain amount
of weight so as to contend with horses of varying ability. The horse with the highest handicap is therefore thought to
be the best horse in the race and is bet upon accordingly.

® Chanceis a system that merely bets on any randomly chosen horse in the race. A method used by too many horse
race bettors!



1 did not select two or more horses as the possible winner of the race; when the GDT gives two or more
horses the same rating, the race was not bet on) and the percentage ROl using the actual odds was
calculated for each system. The results are shown in figure 5. The result shows that EDDIE-1 beats all the

other strategies and scored an ROI of 88.2%.

System Number of Number of Strike Rate ROI
Bets Winning Bets

EDDIE-1 17 4 23.5% 88.2%

Favourites 21 6 28.6% 44.9%

Handi capper 28 3 10.7% -63.4%

Chance 30 0 00.0% -100.0%

Figure 5. Results of testing EDDIE-1 on 30 handicap races

EDDIE-1 produced a ROI better than systems commonly used in horse racing today. The Favourites
system, as expected, chose horses that had short prices and so gave poor value for money. The
Handicapper system showed that a human expert can make mistakes. Maybe if the official handicapper
had used EDDIE-1 he/she may have made better decisions as to the abilities of the horses involved. The
Chance system showed that in a dynamic investment market, like horse racing, one can never leave

anything to chance, and that expert knowledge is always required to make a system work.

Tests on past results should always be interpreted with care [11] [18]. EDDIE-1 was developed and tested
EDDIE-1 on only 180 races (input of the racing data was laborious; this prevented us from testing
EDDIE-1 on more data). Therefore, we cannot rule out the possibility that luck may have played a part in
the above results. However, the high return of EDDIE-1 and its superiority over the other strategies in
these tests (based on real life data), plus the attractive properties of GP described earlier, suggest that

EDDI E deserves more research.

EDDIE IN FINANCIAL FORECASTING

The promising results in EDDIE-1 encouraged us to extend it to financia forecasting. We took the S& P-
500 data from 2 April 1963 to 2 July 1970 (1,800 trading days) as training data to generate GDTs, and

tested them on data from 6 July 1970 to 25 January 1974 (900 trading days). We implemented EDDIE-3,
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an adaptation of EDDIE for the S&P-500 data. We used a population size of 1,200, crossover rate of
90%, reproduction rate of 10% and a mutation rate of 1%. The termination condition was 10 hours on a
Pentium 11 (300 MHZz) or 40 generations, whichever reached first. We used GP to generate rules for
predicting whether the following goal is achievable at any given day:
Goa G: theindex will rise by 4% within 63 trading days (3 months).

We used {If-then-else, And, Or, Not, <, >} as functions. In other words, unlike EDDIE-1, GDTs in
EDDIE-3 are no longer binary trees. The crossover operator was modified to look after the types of the
branches. Terminals were indicators, numbers or conclusion. Indicators were derived from rules in the
finance literature, such as[2] [7] [12] [36]. Examples of indicators are;

Filter_63: Today's price — the minimum price of the previous 63 trading days;

TRB_50: Today's price — the maximum price of the previous 50 trading days
TRB_50 is derived from the Trading Range Breakout rule [7]. Conclusions could be either Positive

(meaning that G is predicted to be achievable) or Negative.

We call atrading day a positive position if G holds. The whole training and test period contained roughly
50% of positive positions. We tested the accuracy of our predictions by comparing it against random
decisions (which assumed that G can be achieved half of the times). If the efficient market hypothesis [24]
holds, our rules should perform no better than random decisions. Figure 6 shows the results of 10 runs by
random decisions and 10 runs by EDDIE-3. Rules generated by EDDIE-3 achieved an average accuracy
of 53.59%, which is consistently better than random decisions, which achieved an accuracy of 49.47%.
All the rules generated by EDDIE-3 achieved better accuracy than random runs, with one exception
(random run 5 achieved an accuracy of 52.22%, which was better than 50.89%, accuracy achieved by the

rule generated in run 7 by EDDIE-3).

We would aso like to know the quality of the predictions. For example, if a prediction is wrong, how
wrong is it? We tested the annual rate of return (ARR) by the rules generated by EDDIE-3 using the
following trading behaviour:

Hypothetical trading behaviour: we assume that whenever a positive position is

predicted, one unit of money was invested in a portfolio reflecting the S&P-500 index. If
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the S&P index does rise by 4% within 63 days, then we sell the portfolio at a profit of

4%. If not, we sell the portfolio on the 63rd day, regardiess of the price.
We ignored transaction costs and any difference between buying and selling prices. Rules generated by
EDDIE-3 were tested against random decisions in the test data. Results show that al rules generated by
EDDIE-3 out-performed all random runs. EDDIE-3 achieved an ARR of 42.71% in average, compared
with 38.03% by random runs. (Note that the returns are higher than 16% because the holding period by

both EDDIE and random rules were often less than 63 days.)

Random runs EDDIE-3

Runs Accuracy ARR Accuracy ARR
1 48.78% 39.21% 56.67% 42.10%
2 49.89% 37.39% 55.22% 42.57%
3 48.44% 36.30% 53.44% 45.42%
4 50.67% 38.06% 54.11% 42.14%
5 51.22% 39.85% 54.89% 42.76%
6 49.78% 37.93% 52.22% 42.16%
7 48.44% 38.40% 50.89% 41.73%
8 49.89% 37.80% 51.44% 42.58%
9 48.89% 39.34% 55.33% 43.50%
10 48.67% 36.07% 51.67% 42.13%

Mean 49.47% 38.03% 53.59% 42.71%

Figure 6. Results of testing EDDIE-3 in S&P-500

Following is one of the simplest GDTs produced by EDDIE-3 (from run 2 shown in figure 6):

(IF (Filter_63 < 6.639448) THEN
(IF (TRB_50 > —0.631248)
THEN Positive
ELSE (IF (Filter_63 < 5.241992) THEN Positive EL SE Negative ));
ELSE (IF (NOT (Filter_63 > 11.944961))
THEN Positive

ELSE (IF (NOT (TRB_50 > -0.509885)) THEN Positive ELSE Negative)))
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A number of issues are worth pointing out. Firstly, athough the number of runs is relatively small, the
results are significant because the amount of data tested was large and the results were consistent.
Empirical results should always be interpreted with great care [11] [18], but the results at least suggested

that EDDIE isafinancia tool that is worth further investigation.

Secondly, the training and test data were chosen arbitrarily. It was later discovered that the testing period
was actually more bullish than the training period. The fact that GDTs generated from a less bullish

market performed well in the test data demonstrated the robustness of EDDIE-3.

Thirdly, it should be pointed out that our calculation of ARR assumes that funds are available whenever a
positive position is predicted, and such funds have no cost when idle. While these assumptions are
acceptable for evaluating the quality of the predictions, investors should not expect returns as high as
38.03% to 42.71% in redity. Exactly what ARR an investor may get by using EDDIE depends on many

things, including the amount of capital available and cost of the capital.

RELATED WORK

There have been previous attempts at developing horse racing experts. SEAGUL [25] uses a version of
genetic agorithm known as a genetic classifier [15] which classifies horses as winners or losers and gives
a reasonable ROI. The problem with SEAGUL is that it only classifies horses as winners or losers. If,
however, the horse classified as the winner does not arrive at the race track then al of the other horses,
having been classified as losers, will not provide a betting opportunity. HOBBES [27] is an expert system
which uses production rules to determine the winner of a horse race. However, HOBBES requires an

expert to have complete knowledge of the complexities of horse racing.

Fan et. al. pointed out the usefulness of using ordina data in financial forecasting [13]. Genetic
programming is useful for classification in general. EDDIE-1 has been shown to classify horses into

winners and losers. EDDIE-1 is superior to the above horse racing investment systems in that it can
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develop its own rules from hypotheses put forward by the expert. We argue that an expert, when assisted

by EDDIE-1, can produce results better than an expert working on their own.

Genetic algorithms have been used in financial markets with afair amount of success [1] [5] [9] [30] [35]
[37] [39]. In Reuters, Butler used EDDIE for data mining and decision support in the financial forecasting
[8]. Neely et. a. applied genetic programming to foreign exchange forecasting and reported some success

[29].

EDDIE-1 and EDDIE-3 generated decision trees. In artificial intelligence, CLS [19] and ID3 (and its
descendent C4.5) [32] [33] aso generate decision trees. One weakness of CLS and ID3 is that when some
instances with identical attributes have different outcomes in the training data, the branch which
corresponds to those attributes is deemed inconclusive, even if only one instance displays a different

outcome. EDDIE will be able to reflect the outcomes of the magjority.

FUTURE WORK

Our godl is to develop useful tools for financial forecasting. Successful results presented in this paper
encourage us to further this work. We are also exploring the possibility of incorporating in our future work
constraint satisfaction techniques, which have been demonstrated to be useful in genetic algorithms [23]

[38] [40].
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