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1 Overview

This chapter describes a computational intelligence system for learning trad-
ing rules and provides a comparison of the relative performance of portfolios
managed by the system in the Australian Stock Exchange. Using only price
and volume data the system determines rules to buy and sell stocks periodi-
cally. The rules adapt as market conditions change over time.

The system combines portfolio construction and management activities
to build and manage a portfolio of stocks over time. The integrated process
for stock selection and portfolio management allows for a search specification
resulting in a highly adaptive and dynamic rule base system. Solutions are
represented using fuzzy logic rule bases and a search for the best rule bases is
implemented using an evolutionary process. The system produces rule bases
that are adapted to market conditions using feedback from performance by
adapting the length of the training data window and the action of a repair
operator used in the evolutionary search.

The result section describes the application of portfolio evaluation tools to
give a detailed assessment of the system’s performance. A portfolio managed
by the system is compared to the ASX200 index and an alternative portfolio
constructed using a non-adaptive rule base.

The rest of this chapter is organized as follows: Section 2 provides back-
ground information. Section 3 explains the approach to constructing the com-
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putational intelligence system in detail. Section 4 gives an evaluation of the
systems performance and describes the methods for financial portfolio perfor-
mance evaluation. Section 5 provides concluding remarks.

2 Background

There are many papers which describe various applications of nature-inspired
algorithms to financial modeling; in this section we survey some of this work.

One of the possible financial applications has been in the area of develop-
ing trading rules to signal when investors should buy or sell various financial
instruments. Research in this area has received greater attention over recent
years as an appreciation for the ease by which computational algorithms can
develop and evolve complex trading strategies are further realized. Research
such as described in [13, 1] highlight the possibilities for evolutionary com-
putation to provide trading strategies, based on pattern recognition, to profit
from equity market trading. Published research in academic finance journals
primarily focuses on examining how well genetic algorithms can develop spe-
cific trading rules using historical prices to test, ex post, their profitability.

This type of research is also directly related to the study of market effi-
ciency. In an efficient capital market it would not be possible for traders to
make a profit from past data as all relevant information for pricing a security
today would be incorporated in today’s price. Therefore, many finance papers
(see [12], [14], and [8] for example) inter-relate the issue of market efficiency
with the ability for genetic algorithms to literally “beat the market”. Results
are somewhat mixed. Although there is general consensus that financial mar-
kets do sometimes exhibit periods where certain trading rules work (see [6]),
it is hard to find clear evidence that a single trading rule can function over
an extended period of time. This is probably due to the fact that financial
markets are ever-evolving, and in fact given the number of technical analysts
that are employed in all the major financial trading institutions, when a trad-
ing rule is found to work it would not take long before it is exploited until it
no longer yields a significant profit. It is therefore possibly more interesting
to see if trading rules can be constructed that also continually evolve as the
markets change. An adaptive trading strategy seems to be more promising
than static approaches.

As well as genetic algorithms other nature-inspired search techniques have
been applied to financial problems. Artificial neural networks have attracted a
lot of interest over the past decade. A selection includes: [21] presents an index
forecasting approach; [9] applies an ANN to currency exchange rate prediction
by anticipating the direction of price change using signal processing methods
for series with high noise and small sample sizes; [4] describes a neural evolu-
tionary approach to find models of correlation between financial derivatives;
[3] discusses assessing credit risk and predicting using ANNs; and [2] discusses
a neural network for option pricing. More recently, numerous applications of



Evolving Trading Rules 3

evolutionary computation have been published: [15] describes a dynamic stock
selection system in which a model optimized using evolutionary computation
determines optimal portfolio weights given trade recommendations; a genetic
programming approach for combining trading rules in autonomous agents so
that the rules compliment each other is given in [18]; [19] presents a linear
genetic programming system for trading that uses intraday data; grammatical
evolution for evolving human readable trading rules is extensively discussed in
[5]; finally an application of genetic programming for discovering trading rules
that are applicable in the short term is given in [16]. A significant benefit of
genetic programming in expressing trading rules is the grammatical structure
of phenotypes which enables expression of rules combining several input in a
form that is able to be readily understood and applied, a feature shared with
the fuzzy rule representation .

The system described in this chapter forms trading rules using price and
volume history of stock prices and adapts the rules to changing market con-
ditions. The approach is essentially referred to as technical analysis — rather
than using fundamental accounting and macroeconomic data to determine
which stocks to buy or sell, trading rules are developed solely applying histor-
ical data series from the previous trades of these stocks. In particular, moving
average and volume indicators are employed for this purpose.

3 System Design

This section describes the design of the computational intelligence system.
The system produces and applies trading rules taking into account evolving
market conditions. The trading rules are represented using fuzzy logic rule
bases and an evolutionary process facilitates the search for the best fuzzy
logic rule bases with respect to the training data. In the following subsections
we describe the the fuzzy rules, the linguistic variables used to construct
these rules, the evolutionary process, the evaluation function and methods to
implement adaptability.

3.1 Fuzzy Rule Base Representation

Fuzzy representation enables intuitive natural language interpretation of trad-
ing signals and implies a search space of possible rules that corresponds to
trading rules a human trader could construct. An example of a typical tech-
nical trading rule such as “buy when the price of a stock X ’s price becomes
higher than the single moving average of the stock X ’s price for the last, say,
20 days” (indicating a possible upward trend) could be encoded using a fuzzy
logic rule such as “If Single Moving Average Buy Signal is High then rating is
1”; conversely we could have a trading rule such as “sell stocks with high price
movement when the portfolio value is relatively low” encoded by a fuzzy rule:
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“If Price Change is High and Portfolio Value is Extremely Low then rating is
0.1”.

Each fuzzy rule base consists of a set of “if - then” rules where the “If”
part specifies properties of technical indicators and the “then” part specifies
a rating with 10 discrete levels given a stock with these properties. The rule
inputs are termed linguistic variables in the fuzzy logic component. Clearly,
at least one linguistic variable must be defined to construct rules. Detailed
definitions of the linguistic variables used in the system are given below. To
construct the rules used to obtain the results presented in this chapter we used
V = 34. The construction of the linguistic variables is described in section 4.
The output is interpreted as a rating of the strength of a buy recommendation
given fulfillment of the If part. It is possible for the If part of a rule to refer
to any combination of the technical indicators the system uses to give one
output rating. A rule base may contain at least one and no more than O = 30
rules.

The value of each linguistic variable is described by one of a possible seven
fuzzy membership sets. These are defined describing the relative magnitude
of a particular observation: Extremely Low (EL), Very Low (VL), Low L (L),
Medium (M), High (H), Very High (VH), and Extremely High (EH). Member-
ship functions map crisp data observations to degrees of membership of these
fuzzy sets.

Figure 1 shows a visualization of the membership functions for a linguis-
tic variable. For the triangular membership functions, the mapping from an
observation to a degree of membership for each membership function is fully
defined by specifying a minimum, center and maximum value where the min
and max values refer to the lowest and highest linguistic variable observations
at the edges of the triangle that belong to the membership set to the least de-
gree and the center belongs to the membership set to the highest degree (the
top of the triangle). The ramp membership functions are specified by a mini-
mum and maximum value, any values greater than or equal to the maximum
are classified as having full membership.

To construct the membership functions for each linguistic variable a series
of historical data observations (of the variable) is sorted from lowest to highest
and duplicates are removed. This series is then divided into M ordered sets of
equal size where each set corresponds to a membership set, the sets overlap.
The extreme low and high membership sets take as their maximum the lowest
and highest data observations of the sets that contain the lowest and highest
observations. For the middle membership functions the lowest and highest
members of each set are the minimum and maximum values that belong to
the set and the center is found by taking the mean of all the observations that
belong to the set. When new data is input to the system this procedure is
repeated.

Any “if” part may include up to V linguistic variables. The output for
each rule gives one of B different ratings; there can be up to O = 30 rules in
each rule base.
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Fig. 1. Membership functions of the Fuzzy Sets Extremely Low, . . . Extremely High
for a linguistic variable. The middle membership functions (Very Low to Very High)
are triangular and the two extreme membership functions are ramp membership
functions. Note that the size of each function with respect to the crisp input that is
mapped to a positive membership depends on the distribution of the data observa-
tions.

To estimate the total number of possible phenotypes, we may first estimate
the number of possible phenotypes which consist of a single rule. Note that if
a single rule has one linguistic variable present, then there are M×V ×B such
phenotypes. If a single rule has two linguistic variables present, then there are
M2×V ×B such phenotypes (M possible combinations of 2 linguistic variables
out of available V, M2 possible values for a pair of linguistic variables, B
possible outcomes). In general, the number of possible phenotypes for a single
rule (with one, two, ..., V linguistic variables present) is:

p = 10 × ∑V
i=1 7i ×

(
V
i

)

.

The total number of phenotypes with k rules can be estimated as pk.
An example of a phenotype rule base that could be produced by the system

is given below. It consists of three rules:

• If Single Moving Average Buy Signal is Extremely Low then rating = 0.9.
• If Price Change is High and Double Moving Average Sell is Very High then

rating = 0.4.
• If On Balance Volume Indicator is Extremely High and Single Moving Av-

erage Buy Signal is Medium and Portfolio Value is Medium then rating =
0.5.

Internally, each rule is represented using a sequence of slots. The columns
in figure 2 have the following meanings. Column 1 contains a Boolean value
to indicate whether the rule is active. Columns 2 through to 10 represent
the rule inputs (each corresponds to a linguistic variable) and contain (a) a
Boolean value indicating whether or not the linguistic variable is active, and
(b) a number from 1 to 7 representing a membership function for the variable
(1 corresponds to extremely low and 7 to extremely high). Finally, column
11 indicates the rule output rating and contains a single floating point value
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V1 V2 V3 V4 V5 V6 V7 . . . V33

B B I B I B I B I B I B I B I . . . B I F

B B I B I B I B I B I B I B I . . . B I F

B B I B I B I B I B I B I B I . . . B I F

B B I B I B I B I B I B I B I . . . B I F

B B I B I B I B I B I B I B I . . . B I F

Fig. 2. Internal rule base representation for a rule base with 5 rules (O = 5) and 33
linguistic variables (V = 33). B indicates a boolean value: B ∈ {T, F}; I an integer:
I ∈ {1, 2, 3, 4, 5, 6, 7}; and F a float: F ∈ {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0}.

from the set {0.1, 0.2, . . . , 1.0}). The internal representation for a rule base is
simply a 30× 11 matrix (note that columns 2 – 10 contain a Boolean and an
integer).

The number of possible genotypes for rule bases is

2O × 2V ×O × 7V ×O × 10O,

as there are 2V ×O possible truth assignments for the Boolean variable in
column 1 of the matrix, 2V ×O possible truth assignments for all Boolean
variables in columns 2 – 33 of the matrix and 7V ×O possible assignments for
integer variables in columns 2–10 of the matrix , and 10O possible assignments
for the variable in the 11-th column of the matrix as there are 10 possible
output ratings.

As an example see figure 3. This rule base consists of a single active rule
(in the first row) indicated by the true value in the first column and this rule
has one active linguistic variable — V2. This rule would be interpreted in the
pheonotype representation (with reference to table 3.1 as: If Price Change is
Extremely High then rating = 0.9.

V1 V2 V3 V4 V5 V6 V7 . . . V33

T F 2 T 1 F 7 F 1 F 6 F 1 F 7 . . . F 1 0.9

F F 4 T 2 F 2 T 3 T 4 F 5 F 1 . . . F 2 0.3

F T 1 F 3 F 2 F 2 F 2 T 4 F 4 . . . F 4 0.7

F T 4 F 5 F 1 F 4 F 2 T 5 F 2 . . . F 5 0.4

F F 6 T 3 F 3 T 3 F 7 F 3 T 7 . . . F 3 0.5

Fig. 3. Example of the internal rule base representation. The first column indicates if
a rule is used or not, the last column indicates the output rating give full satisfaction
of that rule. The central columns (V1 to V33) show whether a linguistic variable is
used and the membership function required for that variable in the rule. The order
of the middle columns is important and corresponds to the particular linguistic
variables.
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Linguistic Variables

In this subsection we describe the linguistic variables used in the fuzzy rules
as described above. The linguistic variables are based on technical indicators
used by finance practitioners that are calculated using close price and volume
data and in some cases Index and interest rate data.

Table 3.1 lists the definitions of the linguistic variables used in the system,
table 3.1 lists conditions that must be met for the corresponding linguistic
variable formulae in 3.1 to apply. The abbrieviations used in the tables have
the following expansions: SMA, single moving average; DMA, double moving
average; PPO, price percentage oscillator; OBV, on balance volume indica-
tor; SD, standard deviation; RSI, relative strength index; MFI, money flow
index; Bol, bollinger band; Vol. DMA, volume double moving average; PVO,
percentage volume oscillator; DMI, directional movement index; %R, percent
R.

For the moving average variables the value ε refers to the period in days
between the signal trigger (when the shorter moving average becomes lower
or higher than the longer) and the day t for a signal to occur, this is clarified
in figure 4. In the OBV linguistic variable the value obvt for each day t is
calculated from historical data using the algorithm:

Initially at t = 0 obv0 = v0, then for each subsequent day t of historical
data observations obvt is calculated as follows:

• if pt > pt−20 then obvt = obvt−1 + vt,
• if pt < pt−20 then obvt = obvt−1 − vt,
• if pt > pt−20 then obvt = obvt−1,

3.2 Evolutionary Process

The fuzzy rule bases undergo an evolutionary process. An initial population of
rule bases (genotypes) are selected at random and may be seeded with some
rule bases that correspond to accepted technical trading strategies.

The evolutionary algorithm used in our asset allocation system is summa-
rized by the following sequence of steps:

1. Initialize population P of n solutions (each solution RBi is a rule base):

P = 〈RB1, RB2, . . . , RBn〉 ,

2. Evaluate each solution: calculate eval(RBi) for i = 1, . . . , n,
3. Identify the best solution found so far (best),
4. Alter the population by applying a few variation operators (tournament

selection of size 2 is used),
5. Apply a repair operator to each offspring; this operator controls diversity

of offspring with respect to the best solution bestprevious from the previous
generation (elitism is not used),
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No. Name Formula Restrictions

1 Price Change 1 δ = 20

2 Price Change 2 ln
(

pt
pt−δ

)
δ = 50

3 Price Change 3 δ = 100

3 SMA Buy pt
mat

lenma ∈ {10, 20, 30}
4 SMA Sell mat

pt
lenma ∈ {10, 20, 30}

5 DMA Buy 1 lenma2 ∈ {10, 20, 30}
lenma2 ∈ {40, 50, 60}

6 DMA Buy 2 ma1t
ma2t

lenma1 ∈ {60, 70, . . . , 120}
lenma2 ∈ {130, 140, . . . , 240}

7 DMA Buy 3 lenma1 ∈ {60, 70, . . . , 120}
lenma2 ∈ {130, 140, . . . , 240}

8 DMA Sell 1 lenma2 ∈ {10, 20, 30}
lenma2 ∈ {40, 50, 60}

9 DMA Sell 2 ma2t
ma1t

lenma1 ∈ {60, 70, . . . , 120}
lenma2 ∈ {130, 140, . . . , 240}

10 DMA Sell 3 lenma1 ∈ {60, 70, . . . , 120}
lenma2 ∈ {130, 140, . . . , 240}

11 PPO 1 lenma2 ∈ {10, 20, 30}
lenma2 ∈ {40, 50, 60}

12 PPO 2 ma1t−ma2t
ma1t

× 100 lenma1 ∈ {60, 70, . . . , 120}
lenma2 ∈ {130, 140, . . . , 240}

13 PPO 3 lenma1 ∈ {60, 70, . . . , 120}
lenma2 ∈ {130, 140, . . . , 240}

14 OBV Buy
(pt−max[pt−1,...pt−n])

pt
+

(max[obvt−1,...obvt−n]−obvt)
obvt

15 OBV Sell
(min[pt−1,...,pt−n]−pt)

pt
+

(obvt−min[obvt−1,...,obvt−n])
obvt

20 SD 1 δ = 20

21 SD 2 sd(ln( Pt
Pt−1

), . . . , ln(
Pt−δ

Pt−δ−1
)) δ = 50

22 SD 3 δ = 100

23 RSI RSI = 100 − 100
1+RS

RS = totalgains÷n
totallosses÷n

24 MFI MFI = 100 − 100
1+MR

MR =
∑

MF+

MF−
MF+ = pi × vt, wherepi > pi−1, and

MF− = pi × vt, wherepi < pi−1

25 Bol 1 Bol = pt−mat
2×sd(Pt,...,Pt−δ)

δ = 20

26 Bol 2 δ = 50

27 Vol. DMA Buy 1 vma1t
vma2t

lenvma1 = 5, lenvma2 = 20

28 Vol. DMA Buy 2 lenvma1 = 20, lenvma2 = 100

29 Vol. DMA Sell 1 vma2t
vma1t

lenvma1 = 5, lenvma2 = 20

30 Vol. DMA Sell 2 lenvma1 = 20, lenvma1 = 100

30 PVO 1 ma1t−ma2t
SMt

× 100 lenma1 = 5, lenma1 = 20
31 PVO 2 lenma1 = 20, lenma1 = 100

32 DMI see [20]

33 %R %R =
pt−min[pt−1,...,pt−10]

max[pt−1,...,pt−10]−min[pt−1,...,pt−10]

Table 1. Linguistic variables used in the system and calculation. The period length
of the moving average variables is subject to evolution and may take values within
the restrictions given in the third column.
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No. Conditions

4 (pt−ε < smat−ε) and (pt > smat)

5 (pt−ε > smat−ε) and (pt < smat)

6–9 (ma1t−ε < ma2t−ε) and (ma1t > ma2t)

10–13 (ma1t−ε > ma2t−ε) and (ma1t < ma2t)

14 (pt > max [pt−1, pt−2 . . . pt−n])
and (obvt ≤ max [obvt−1, . . . , obvt−n])

15 (pt < min [pt−1, pt−2 . . . pt−n])
and (obvt ≥ min [obvt−1, . . . , obvt−n])

23,24 (vma1t−ε < vma2t−ε) and (vma1t > vma2t)

25,26 (vma1t−ε > vma2t−ε) and (vma1t < vma2t)

Table 2. Conditions for the linguistic variables in 3.1 to be defined. ε is an interval
in days to control the period some of the variables take values, it was fixed to 5 days
in all tests described in this paper.

Fig. 4. Moving average signal design. The period “e” is the period during which
the indicator emits a positive signal, and “signal strength” is the magnitude of the
signal.

6. Repeat steps 2-5 successively for N generations,
7. The best solution after N generations represents the final solution.
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Three variation operators (one mutation and two crossovers) and one re-
pair operator are used in the process, the probabilities of applying a particular
operator are evolved. We discuss each operator in turn below.

The mutation operator works by possibly modifying each gene of a single
parent rule base in the process of producing an offspring. The type of gene
remains the same: for instance a Boolean value cannot become an integer used
to represent a membership function nor a decimal used to represent an output
rating. If a gene is Boolean it is flipped. Otherwise if it is an integer or float,
one of three events occur with equal probabilities:

1. The corresponding gene in the parent is incremented or decremented
(equal probability for either)by a small amount, δ, to derive the offspring
gene: for floats δ = 0.1 and for integers δ = 1. Since integers represent
membership sets the change corresponds to a shift of one degree of mem-
bership (for example from low to very low).

2. The gene in the offspring is assigned a new value at random. For an integer
gene the new value is selected from the domain 1, 2, . . . 7 and for a float
from the domain 0.1, 0.2, . . . , 1.0.

3. The corresponding gene in the parent is passed unaltered to the offspring.

The two crossover operators combine genes from two parents to produce
a single offspring. The first one, uniform crossover, assigns each gene in the
offspring the value of a gene selected from one of the parents (the parent
that provides the gene value is selected with equal probability). The second
crossover operator assigns the rows of the offspring matrix by selecting —
with equal probability — rows from both parents. In other words, the effect
of this operator is to build a new rule base by choosing complete rules from
each parent.

The last operator used in the system is a repair operator. It is used to
maintain stability between generations. It is a binary operator with two rule
bases as arguments and its effect is to modify the first genotype in such a
way that it is no more than p percent different from the second genotype, no
more than p percent different from the second genotype, which is best before
we started the most recent adaptation. The number p is a parameter of the
method. We found this parameter to be very important in controlling the type
of rules generated, in section 4 the values we used for p are given.

3.3 Evaluation of a Fuzzy Rule Base

The evaluation process comprises of three stages: in the first stage individual
stocks are evaluated according to a rule base (section 3.3); in the second
stage, the overall rule base’s performance is evaluated (section 3.3). The return
on investment (ROI) is adjusted in the final stage of the evaluation process
(section 3.3).
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Rating of individual stocks

In this section the procedure to assign a rating to stocks with respect to a rule
base is explained. For any stock X a rating RB(X) is defined. This mapping
from stock data to stock rating will be described using an example. Consider
a rule base as follows:

1. If Single Moving Average Buy Signal is High then rating = 0.7.
2. If Price Change is High and Volume Change is Very High then rating =

0.4.

On a particular day t the following observations are made of technical
indicators for stock X :

1. Volume Change = 0.5
2. Single Moving Average Buy Signal = 0.95
3. Price Change = 0.2

Initially each rule in the rule base is processed separately. The first and
only “If” part of the first rule is: If Single Moving Average Buy Signal is High.
It was observed that for stock X on day t the Single Moving Average Buy
Signal had value 0.95. The membership function for High is defined by its
min, center and max which are, in this case, 0.12, 0.97 and 3.88 respectively.
Using Equation 1, below, a membership function defined by these values maps
the observed value 0.95 to a degree of membership of 0.97 in High or 97% High,
a visualization of this procedure is given in Figure 5.

m(x) =

⎧
⎪⎪⎨

⎪⎪⎩

x−min
center−min , if min ≤ x ≤ center

1 , if x = center
x−max

center−max , if center ≤ x ≤ max

0 , otherwise

(1)

We now move to the output rating part of the first rule: then rating = 0.7.
As the rule fulfilled the “If” part of the rule to the degree of 0.97 we adjust
the output rating: 0.97 × 0.7 = 0.679.

The system looks at each rule in turn, the second rule in this example has
two inputs: If Price Change is High and Volume Change is Very High. Each
conjunction is processed in turn in the same way as the single conjunction
in first rule. By this procedure, it is determined that the observation Price
Change = 0.2 implies membership in the fuzzy set High Price Change = 0.5;
and that Volume Change = 0.5 implies membership in Very High Volume
Change = 1.0. These two values are combined by multiplying the membership
degrees for each part resulting in a combined membership degree for the second
rule: 0.5 × 1 = 0.5. The output rating is then adjusted using this combined
membership degree: 0.5 × 0.4 = 0.2.

Finally an output rating with respect to the whole rule base is calculated.
The final rating combines the sub-ratings from each rule to give a rating for
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Fig. 5. Finding the degree of membership of observed single moving average buy
signal 0.95 for stock X is ”High” with a degree of 0.97.

stock X given some input data, we term this rating RB(X). RB(X) is defined
as the center of mass of the sub-ratings from each rule in a rule-base:

RB(X) =
∑

oi∑
ri

, (2)

where oi is the output of rule i for stock X , and ri is the rating of rule i.
Recall that for the first rule the sub-rating was 0.679 and for the second it

was 0.200. Therefore the combined rating is: (0.679+0.2)÷(0.7+0.4) = 0.799.

Evaluation of rule base performance

The procedure described in the previous section is applied to each stock in
the market. This enables the definition of a ranking of stocks in a market M
ordered by rating:

R(M) = 〈Xi1, Xi2, . . . , Xin〉 , (3)

where M = {X1, X2, . . . , Xn} and RB(Xik) ≥ RB(Xik+1).
The performance of a rule base is measured by analysis of simulated trad-

ing on a historical data window. A decoder Figure 6) defines the interpretation
of the ranking to make decisions for portfolio construction. In the simulated
scenario an initial capital is used to construct a portfolio on day 1 of the
simulation period, this portfolio is then rebalanced over the rest of the period
depending on the signals generated by the rule base under evaluation.

In the system, a portfolio Pt is defined as a vector of holdings of stocks in
M = (X1, . . . , Xn) at time t:
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Fig. 6. The decoder takes a ranking and recommends a portfolio.

P = [a1Xi1, . . . , akXim] , (4)

where a1, . . . , ak are natural numbers, {Xi1, . . . , Xim} ⊆ M , and V alue(P, t) =∑
aj × price(Xij), for j = 1, . . . , m.
The decoder interprets the ranking in terms of two parameters: buy best

stocks percentage (BBS) and sell Worst Stocks Percentage (SWS). BBS is the
percentage of stocks to select from top of the ranking and SWS is a percentage
to sell from the bottom of the ranking. At set intervals dist = 20 during the
simulation period stocks are sold according the ranking on the trading day
according to SWS and then bought according to BBS. In this way the initial
portfolio P1 is updated to get a new portfolio P2 and so on until the end of
the simulation period is reached.

The measure used for evaluation of portfolio performance is Return on
Investment (ROI) over the simulation period (see Equation 5).
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ROI =
ln(Vt1) − ln(Vt0)

t1 − t0
, (5)

where V =Portfolio Value, t1 = End Time and t0 = Start Time.
The result of the simulation is the return on investment over the whole

simulation period for RBX : ROI(RBX). To compare RBX to another rule
base RBY it is the case that if ROI(RBX) > ROI(RBY ) then RBX is better
than RBY . The basic ROI criteria is supplemented by consideration of a
few additional characteristics of performance, this takes place in the final
evaluation and are described in the following section.

Final Evaluation

The ROI is the basic measure for rule base evaluation. However to further
guide the search for optimal performing rule bases ROI is adjusted using
penalty functions. The final evaluation value equals the ROI from the simu-
lation minus penalties. There are two penalties applied to modify ROI, and
they are:

1. Portfolio loss penalty
2. Ockham’s razor penalty

Let us discuss each penalty in turn starting with the portfolio loss penalty.
The portfolio loss penalty implements a capacity for reducing risk. In sim-

ulation we measure the portfolio gain or loss on each trading day (see section
3.3). Solutions that result in a reduction of portfolio value are penalized if
they result in losses on any trading day even if at the end of the simulation
period the return was high. The penalty becomes progressively higher for large
losses.

The loss penalty is calculated using the formula:

Penalty1 =
∑

t=d,2d,..., n
d d

m(t),

where d is the interval between trading days and m(t) is calculated as follows,

m(t) =

⎧
⎪⎪⎨

⎪⎪⎩

0.01, if Pt − Pt−d ≤ −5
0.1, if −5 ≤ Pt − Pt−d ≤ −10
10, if Pt − Pt−d ≤ −10

The second penalty, Ockham’s razor, is calculated as follows:

Penalty2 = r × k1,

where r is the number of active rules and k1 is a constant which was set to
0.1 for the results given here. Ockam’s razor reduces the fitness of solutions
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with many rules. The magnitude of k1 controls a balance where the return
produced using a candidate rule base must be justified by the number of
rules. For example, setting the value to 0.1 causes the evolutionary process to
produce rules where each rule must contribute at least 0.1 to the fitness. A
rule base with fewer rules that results in similar return on investment to one
with a greater number of rules is preferred. Rule bases with fewer rules are
also less likely to be over-fitted to the training data.

The penalties are added together to get an overall value for a rule base
and this value is deducted from the ROI for that rule base. Figure 7 gives
an overview of the process used to determine a fitness value — the penalized
ROI. Adjusting the ROI using the penalty functions promotes the discovery
of rule bases which when applied give high return with less risk and generalize
well outside training data.

Rule Base Data Rating Ranking

ROI Penalties Fitness

Fig. 7. Complete evaluation process.

3.4 Adaptation

In this section methods to cause rule bases to adapt to market conditions
are discussed. Approaches towards this are through selection of data windows
and by controlling the search. During the search process the performance of
rule bases is evaluated based on data as described in the previous section.
We first discuss the methods to select and alter the historical data used to
evaluate the rules and then describe a method used to influence the ability
of the evolutionary search to use information previously discovered accross
training windows.

Selection of Training Data Window

The selection of the training data window controls the period of training data
used when generating rule bases. Three methods for selecting a data window
are able to be used by the system:
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1. Static window,
2. Sliding window,
3. Variable length sliding window.

The static window method uses a single initial period to evolve a rule base
and then the rules from this period are used for all future trading. The sliding
window uses a recent historical time windows for evaluation optimizing the
rule base to recent periods.

The system also allows the length of the period of training data used
for each sliding window to vary according to performance measured using a
Sharpe ratio [17] which relates benchmark returns to the return of a real port-
folio found from applying the rule base and decreases the window length when
performance is worse than the benchmark. The results given in this chapter
used the variable length sliding window method and the window length was
controlled using the formula:

windowlength = ek×ln(sharpe) × maxLength,

where k is constant set to control the sensitivity of the window change
which was set to 2, sharpe is a Sharpe ratio sharpe = (rp−rf )

σp
and maxLength

is the maximum window length. The new window date is never set earlier
than the previous window start date. In the case that the the window length
is calculated as earlier than this, the previous start date is used.

Adapting the action of the repair operator

The repair operator is used to maintain stability between generations. It is a
binary operator with two rule bases as arguments and its effect is to modify
the first genotype in such a way that it is no more than p percent different
from a second genotype. On initialization the second genotype is the solution
from the previous window and during the search it is the best solution found
at the current generation.

The parameter p is adjusted depending on the performance of a real port-
folio in relation to the index which serves as a benchmark. It is reduced when
performance is worse than the benchmark and increased if the real portfolio
is out performing the benchmark. The rationale is to focus the search close to
solutions while they give good performance and to broaden the search when
this performance decays. p is increased or decreased according to the formula:

p =

⎧
⎪⎪⎨

⎪⎪⎩

sharpe × 0.5 × (1 + k), if P real
t < P real

t−d

sharpe × 0.5 × (1 − k), if P real
t > P real

t−d ,
0, otherwise

where the sharpe ratio sharpe = (rp−rf )
σp

and k is a constant set in the config-
uration file to control the sensitivity of p to variation in portfolio performance.
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The sharpe ratio combines measurement of both risk and return with respect
to the benchmark to make the adjustment of p (controlling the level of re-
striction on the search) dependant not only on the difference between returns
between the current and previous month, but also relative to benchmark re-
turns which are expected to be achievable.

4 Performance of the System

The system described in the previous sections is applied to form portfolios
from stocks traded on the Australian Stock Exchange (hereafter ASX). Every
month during the period of August 2001 to December 2006 two different port-
folios are formed. The first one is created using a full adaptive evolutionary
process, referred to as the “Adaptive EA” portfolio. The second one is created
using a static evolutionary process, ie. a rule base is generated for the first
window and then used for the rest of the simulation. This is called the “Static
EA” portfolio and serves as a comparison benchmark for the advantages pro-
vided by adapting the system. Finally we also compare the performance of
our EA portfolios to the ASX index, which reflects the performance of the
market as a whole.

Fig. 8. Portfolio values from 08/2001 to 12/2006. Each portfolio starts at a value
of 1000 in 08/2001.

08/2001 08/2002 08/2003 08/2004 08/2005 08/2006

1000

2000

3000

4000

5000

5500

Adaptive EA

Index

Static EA

Figure 8 shows the portfolio values over the whole trading period, where
the starting points have all been standardized to 1000. Both of the EA port-
folios perform very well, clearly dominating the index. The total increase in
portfolio value over the whole investment period is measured by “holding pe-
riod return” reported in Table 3. The whole market during the investment
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period improves slightly with the Index’s holding period return of only 123%
over a period of more than 5 years. During the same time, the Static EA port-
folio value increases by 310% and the Adaptive EA portfolio value increases by
474%. Adapting the system fully to the market conditions results in a higher
value of the Adaptive EA portfolio than that of the Static EA portfolio by 1.5
times. The annualized return, using either arithmetic or geometric method, is
very impressive for the EA portfolios given the market conditions. However,
it should be noted that returns of the EA portfolios are more volatile than the
market. Further analysis is required to confirm whether investors are rewarded
sufficient returns for the risk they bear.

Table 3. Portfolio Returns.

Panel 1. Raw portfolio value

ASX Index Static EA Adaptive EA

Holding Period Returns 123.34% 310.06% 473.99%
Annualized Arithmetic Returns 14.31% 28.59% 34.06%
Annualized Geometric Returns 13.67% 25.48% 32.08%

Annualized Volatility 11.39% 25.51% 20.45%

Panel 2. Excess portfolio value

ASX Index Static EA Adaptive EA

Holding Period Returns 117.99% 304.7% 468.63%
Annualized Arithmetic Returns 8.96 % 23.25% 28.71 %
Annualized Geometric Returns 8.32 % 20.13% 26.72 %

Annualized Volatility 11.36 % 25.49% 20.45 %

Panel 2 of Table 3 reports statistics for excess portfolio values, ie. portfolio
values above the risk free return. It can be argued that over time, even if
investors hold risk free assets, such as Treasury securities, they are rewarded
with financial returns. Therefore it is more relevant to investors to check the
performance of the excess returns. Due to the increase in risk free returns
over time, the excess returns of all portfolios are slightly lower than the raw
returns. However, the relationship between different portfolios does not change
qualitatively.

The monthly returns of each portfolio are illustrated in Figure 9 while
Table 4 further reports some characteristics of the return distributions. More
than half of the time the Adaptive EA portfolio has a monthly return greater
than 2.8%, whereas a half of the time the Static EA portfolio and the Index
Portfolio have a return smaller than 2.4% and 0.8% respectively. Compared to
the Index portfolio, the EA portfolios occasionally do experience higher loss.
The largest negative returns for the two EA portfolios are 21.8% and 11.9%,
whereas the largest loss for an index portfolio is only 8%. The index portfolio
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does not experience any loss greater than 10% in any given month, compared
to the occurrence frequency of 3.15% and 1.56% for the two EA portfolios. This
result may be indicative of the penalty function not sufficiently discarding the
choice of stocks that are more likely to experience a large decline. However,
both of the EA portfolios exhibit positive skewness, which is what investors
prefer. A positive skewness portfolio has a high probability of large returns. It
should be noted that the EA portfolios also have lower kurtosis, which implies
less regular and smaller swing away from the mean in investor returns. Overall,
the Adaptive EA portfolio has better return potential compared to the Static
EA portfolio while maintaining a lower level of risk.

Fig. 9. Portfolio monthly returns from 08/2001 to 12/2006.

08/2001 08/2002 08/2003 08/2004 08/2005 08/2006
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We have noted that our EA portfolios have much better return potential
than the Index, and at the same time are more volatile. The Sharpe ratio [17]
measures how much excess returns (portfolio return rp above the risk free rate
rf ) investors are awarded for each unit of volatility, ie.

Sharpe =
rp − rf

σp
.

As can be seen in Table 5, the Sharpe ratio for the Index is only 0.79, whereas
that for the Static EA portfolio is 0.91. Adaptive EA portfolio has the best
Sharpe ratio of 1.4, nearly double the reward investors receive for holding
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Table 4. Portfolio return characteristics.

ASX Index Static EA Adaptive EA

Average monthly return 0.470% 2.383% 2.838%
Median monthly return 0.078% 0.685% 2.791%
Largest positive return 8.071% 23.257% 20.367%
Largest negative return -8.008% -21.769% -11.930%
Skewness -0.0829 0.3759 0.4356
Kurtosis 2.7062 2.1657 1.2516
Frequency of gain greater than 10% 0.000% 12.500% 7.813%
Frequency of loss greater than 10% 0.000% 3.125% 1.563%

a passive index portfolio. The improvement in return potential for a fully
adaptive system has been well above some additional level of risk for investors.

The Sharpe ratio focuses on portfolio volatility which measures total risk
of the portfolio. Modern portfolio theory further decomposes volatility into
systematic risk and unsystematic risk. The systematic risk component re-
flects how the changes in market conditions affect portfolio values, whereas
the unsystematic risk component is unique to each portfolio. The constraints
under which we form portfolios, such as the maximum stocks in each country
or each sector, are in fact constraints to build well diversified portfolios. A
well diversified portfolio should have return awarded to compensate for the
systematic risk component only. Denote rm,t the returns at time t of the mar-
ket, the systematic risk βp of portfolio p is determined by the Capital Asset
Pricing Model (CAPM) equation:

rp,t − rf,t = αp + βp(rm,t − rf,t) + ei,t. (6)

Since the excess return rp,t − rf,t of any portfolio should be fully explained by
its level of systematic risk βp and the market risk premium rm,t − rf,t, in an
efficient market the alpha value of the portfolio, αp, should be zero. If it is not
and in fact there is a positive value then the portfolio is outperforming relative
to its level of systematic risk and the performance of benchmark index. The
higher the alpha value, the better the portfolio is to hold. Both of the EA
portfolios have positive alpha, indicating a superior performance (see Table
5). The Adaptive EA portfolio has a value of alpha 1.5 times larger than that
of the Static EA portfolio.

The robustness of alpha values can also be measured through the informa-
tion performance rank, sometimes also known as the appraisal ratio. Essen-
tially, it evaluates the active stock-picking skills of the strategy, once unsys-
tematic risk generated from the investment process is accounted for. As we
are comparing each of our portfolio’s with the ASX Index, the information
ratio is calculated as:

Annualized Information Ratio =

√
Tα

σe
, (7)
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Table 5. Standard portfolio performance measures.

ASX Index Static EA Adaptive EA

Sharpe ratio 0.789 0.912 1.404
Alpha NA 0.124 0.184
Information Performance Rank NA 0.572 1.160
Selectivity NA 0.124 0.184
Net Selectivity NA 0.031 0.126

where T is the period multiple to annualize the ratio and σe is the standard
error of equation 6. Grinold and Kahn, [11], have argued good information
ratios should be between 0.5 and 1, with 1 being excellent. Goodwin [10] ex-
amined over 200 professional equity and fixed income managers over a ten year
period and found that although the median information ratio was positive, it
never exceeded 0.5. The information ratio of the Static EA portfolio is 0.57,
indicating a very good performance. The Adaptive EA portfolio has an infor-
mation rank of 1.16, double that of the Static EA portfolio. The information
rank very close to 1 is indicative of a very strong and consistent performance.

Finally Fama’s Net Selectivity measure [7] provides a slightly more refined
method to analyze overall performance for an actively managed fund. Overall
performance, measured as the excess returns of the portfolio over the risk-free
rate, can be decomposed into the level of risk-taking behavior of the strategy
and security selection skill. This security selection skill, or Selectivity, can be
measured as a function of the actual return of the portfolio minus the return
that the benchmark portfolio would earn if it had the same level of systematic
risk. Both of the EA portfolios have a positive Selectivity, and the Adaptive
EA portfolio still have much stronger performance than the Static EA one.

The Selectivity value, however, can be broken down still further to calcu-
late Net Selectivity. Given that a portfolio’s strategy may not be limited to
simply track the benchmark portfolio, which would be the case for our portfo-
lios under examination, it is also necessary to take into account the fact that
the portfolios are not fully diversified, relative to the chosen benchmark. In
fact, the number of stocks in our EA portfolios is much smaller than in the
ASX index. To account for this, net selectivity is the value of selectivity that
the strategy adds to the portfolio minus the added return required to justify
the loss of diversification from the portfolio moving away from the benchmark.
This effectively means any returns that the portfolio earns above the risk free
rate must be adjusted for both the returns that the benchmark portfolio would
earn if it had the same level of systematic risk and the same level of total risk
to the benchmark. After accounting for the difference in total risk, the Static
EA portfolio still maintain a positive Net Selectivity, but quite marginal. On
the other hand, the Adaptive EA portfolio has a very substantial positive Net
Selectivity of 0.13, again indicating a very strong performance.
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To track the performance of our portfolios over time, rolling Alphas and
rolling Information Ratios are calculated. Each month new Alpha and Infor-
mation Ratio are calculated based on the data for the previous year. Figure
10 and 11 graph these two series. Even though both of the EA portfolios have
positive overall Alphas and larger than 0.5 Information Ranks as shown in Ta-
ble 5, only the Adaptive EA portfolio is able to maintain a consistent level of
strong performance over time. This clearly shows the advantages of adapting
the portfolio to changing market conditions.

Fig. 10. Rolling Alphas.
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Fig. 11. Rolling Information Ranks.
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5 Concluding Remarks

This chapter has provided a discussion of the framework in which an evolu-
tionary algorithm manages a portfolio of selected stocks chosen using only
price and volume information of individual company shares. Fuzzy logic rules
are designed to optimize towards a specific fitness function, which is a simple
return on investment measure. A specific financial penalty function is also
incorporated to penalize solutions that select a portfolio of stocks that expe-
riences significant losses. Effectively, it is a penalty for downside risk.

The computational intelligence system described in this chapter is tested
on historical data of stocks traded on the Australian Stock Exchange during
the period of August 2001 to December 2006. The empirical results show that
portfolios constructed using evolutionary algorithm beat the market index
by all standard portfolio performance measures. The clear dominance of the
Adaptive EA portfolio over the Static EA portfolio is a result of the system
being dynamic and adaptive to changing market conditions. Given that we
impose both costs to trading and restrictions on how trades can occur, the
EA portfolio performance is a relatively impressive result. This is even more
particularly true when considering that only price and volume information is
used to generate trading signals.
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