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Abstract

This paper aims to determine whether an adaptive
agent population performs better than a static population.
A static population is evolved on historical equity market
data from the DAX-30, split into training and testing
segments. An adaptive population is retrained
continuously over the most recent available data that
becomes available with each passing day. For
comparison their performance over the out-of-sample test
data is measured. Results obtained indicate a clear
superiority of the adaptive over the static approach.

1. Introduction

With increasing processing power and ever more
sophisticated prediction models, automated trading
systems and strategies for use in financia markets are
becoming increasingly popular. However, the ability of
automated trading systems to outperform their human
equivalent portfolio managers, the market itself or other
financial aternatives, such as fixed interest bonds, is still
debated. This paper focuses on the use of two genera
approaches to evolving successful systems, broadly
classified into static and adaptive, to determine whether
either presents significant advantages over the other.

Allen and Karjaainen [2] first developed a system that
used a genetic algorithm to create composite trading rules
on which to base trading decisions. They found that,
including transaction costs, their rules did not earn excess
returns over a buy-and-hold strategy. Following on from
this work, Becker and Seshadri [3] used a genetic
programming approach and demonstrated that it was
possible to outperform buy-and-hold. Similarly, Potvin,
Soriano and Vallee [17] argued that their genetic
programming based approach offered an effective
aternative to the buy-and-hold strategy. Many other
papers have been published using various approaches
ranging from neural networks to genetic programming and
genetic algorithms, for example [6, 9, 10, 11, 14, 18].
However all featured a similar segmentation of their data
that could be classified as training and testing sets. This
approach is referred to in this paper as‘ static’ evolution.

However, there are multiple inherent problems with
using such a static approach. For instance, Pictet et a

described the risks of over fitting [16], while similarly,
Cheng and Yeh argued that in continuously changing
environments an evolved solution might quickly become
obsolete during testing [5]. Hence, if the aim of an
approach is to obtain the best possible performance, a
clear need exists to allow agents to continue evolution
indefinitely, as discussed by Leiviska [12]. He argues that
a system must not be frozen after a learning phase but
must be capable of adaptation. He continues by discussing
the means necessary to achieve this as well as outlining
the types of adaptation that exist. However for the purpose
of this investigation we will only draw on the argument
that systems must not only continue to evolve or adapt,
but in doing so will perform better than frozen or static
equivalents. Pi and Rognvaldsson [15] for example
continuously retuned their neural network model,
minimizing the initial training data period while obtaining
a very large out-of sample test. Similarly, Lettau [13]
looked at the concept of bounded rationality in agents
using a genetic algorithm. Interestingly, though he used a
continuous learning approach, he found that agents were
still not able to “take rare events into account”.

Rather than mainly assess performance of the presented
system compared to the market overall or other strategies
such as buy-and-hold, this paper focuses on comparing the
suitability of an adaptive approach compared to the more
common static approach in the evolution of trading
strategies. Genetic algorithms have been used in many
applications, such as equity trading, just as the comparison
of static and dynamic agent learning has been well
studied. This work combines these two to investigate
whether adaptive learning is also useful in genetic
algorithm based technical trading. First, we discuss the
general system setup used for experimentation, prior to
describing the approach specific implementation of static
and adaptive evolution in detail. This is then followed by
a presentation of the results, its analysis and concluding
comments.

2. System outline

The static system used in this investigation, on which
the adaptive implementation is also based, has been
previoudly described in [19]. However for completeness a
detailed description isincluded in the following section.



2.1. Agent design

Each agent represents an individual trader with a
personal portfolio and capital holdings. Using a set
starting capital, at the end of every trading day it uses
historical price data to make a decision for every security
whether to buy, sell or hold. No limitations are set on the
number of trades conducted. Parameters used in analysis
and al decision processes are determined by the agent’s
genome.

Every agent uses a series of technical indicators that
are used to generate trading signals on every security that
is assessed. Depending on the signals returned, an overall
decision of buy, sell or hold is made depending on its
decision type. The amount of capital to invest at the end
of a trading day is again determined by the genome,
whereby the sum is equally alocated to each security
flagged for acquisition. Securities that are sold are
converted into capital at their current closing price.

In order to alow for differing approaches to selecting
securities for purchase or sale, four decision types were
implemented in the decision process. Decision type 1
performs a simple comparison between the number of buy
and sell signals, taking the appropriate action if one is
greater than the other for any particular security. For
instance, out of 8 possible signals for a security, if 3 are
buy and 2 are sell, an agent of this type would want to
purchase this security. Decision type 2 follows the same
principle as decision type 1, however also stipulates that
for abuy or sell action to occur, at least half of al signas
must be in favor. In this instance for example, out of 8
possible signals, if only 3 are buy signals even though no
sell signals exist, no action will be taken as it failed to
reach the minimum buy threshold. Decision type 3 sums
the indicators by taking buy signals as positive and sell
signals as negative, as well as including a weighting
process on each signal, increasing or decreasing its
magnitude and hence impact on the final sum. Therefore a
positive sum would translate into an overall buy signal,
while a negative sum into an overall sell signal. Decision
type 4 follows the same principle as decision type 3,
except for adjusting the final sum to create a threshold
value which it needs to exceed prior to resulting in an
overall buy or sell decision.

Neither transaction costs nor interest on held capital
were included, and the environment is assumed discrete
and deterministic in a liquid market, meaning that an
agent’ s actions cannot affect prices.

2.2. Genetic algorithm
For selection, elitism [8] is used, whereby a portion of

the most successful agents carries forward unaltered every
generation. Immigration [4] was also employed, where a

portion of the worst performers are killed off and replaced
by a new randomly generated group of agents immigrating
into the system, constantly introducing new genetic
material. This facilitates greater coverage of the search
space, while also avoiding premature convergence and
non-exclusion of other possible solutions not present in
the original base population’s gene pool. Each agent in the
mediocre population, those not killed or part of the €elite,
randomly selects another agent from the mediocre and
elite population and uses two-point crossover to create an
offspring. This offspring then replaces the parent from the
mediocre population. Two randomly selected agents of the
same decision type can mate, with a random part of the
first agent’s genome being replaced by the equivalent
section from the second agents genome, forming a new
genome combination. The only restriction in this process
is that there exists a 25% chance of an agent mating with
an agent of a different decision type, as for instance
weighting genes will not have been relevant to types 1 or
2 previoudly. The elite population and killed population
are each respectively the top and bottom 25% of the entire
agent population.

A general representation of how the agent population is
evolved is shown in Figure 1 below.
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Figure 1. Evolution of agent populations

In wider literature, performance tends to generaly be
measured as an agent’s capital and value of al holdings at
the end of the trading period. However, as this biases
results based on the cut-off date used, a more overall and
therefore more accurate picture of performance
throughout the entire testing period can be obtained if the
area under an agent’s total asset graph is considered as its
fitness. Therefore for the purposes of this investigation,
performance refers to the area under an agent’s total asset
graph for the trading period being assessed.

The genome for every agent consists of a string of
integers taking values 1-10, of length 28 with cardinality
10. The exceptions to this were genes 1, 2, 21 and 28,
defining decision types with a cardinality of 4, the risk
averseness factor with a cardinality of 2 as well as the
Stochastic Oscillator D variable and Bollinger Band
deviation variable with a cardinality of 5. All genes are
defined as in Table 1 below, with abbreviations explained
in the following section.



Table 1. Gene descriptions

Gene | Range | Description/Function
G, 1-4 | Decisiontype
G, 1-2 | Risk averseness factor
Gs 1-10 | Capital investment proportion
Gy 1-10 | Moving Average weight
Gs 1-10 | RSl weight
Gs 1-10 | Short-term ROC weight
G, 1-10 | Long-term Price ROC weight
Gg 1-10 | SOinterpretation 1 weight
Gy 1-10 | SO interpretation 2 weight
Gy 1-10 | MACD weight
G | 1-10 | BB weight
Gy, 1-10 | MA short-term value
Gy 1-10 | MA long-term value
Gua 1-10 | RS time period
Gis | 1-10 | RSl buy threshold
G | 1-10 | RSl sl threshold
G;; | 1-10 | ROC level
Gig 1-10 | ROC short-term value
Gy 1-10 | ROC long-term value
Gy 1-10 | SOK variablevaue
Gy 1-5 | SOD variablevalue
Gy, 1-10 | SO buy threshold
Gy | 1-10 | SO sl threshold
Gy 1-10 | MACD short-term value
Gos 1-10 | MACD long-term value
Gog 1-10 | MACD signal line
G,y 1-10 | BB time period value
Gog 1-5 | BB deviations number

2.3. Technical Indicators

Financial technical analysis is “the study of prices to
make better investments’ [1], where technical indicators
represent the tools used for analysis. In other words,
indicators are mathematical models used to indicate buy
or sell conditions. They are commonly based on closing
price or volume data, though in this system price
information was used exclusively. They exploit the
existence of trends in the market to determine conditions.
Though markets are often argued to move randomly [7],
others point out that irregularities do appear in markets
due to various factors, which lead to observed phenomena
such as seasonal cycle for example [20]. The following is
a brief description of the indicators used, and how an
agent’s genome is used to personalize analysis and
interpretation of the securities. The following descriptions
are primarily based on a summary presented by Achelis
[1]. They include calculations and interpretations used in
the system itself, including the trandation of a number of
gene values. When an agent isinitialized, some of its gene
values would not be appropriate for direct use in the

system and need to be modified. For instance, though G;7
can be used directly without trandation, this is not
possible for G,3. The trandation is based on achieving an
average value approximate to that suggested in literature
(e.g. acommon value for the RSl buy threshold is 20-30,
therefore 5G,5 was used).

A simple Moving Average (MA) shows the average
value of a securities price over time. If the moving
average over the short-term is larger than that over the
long-term, it indicates an upward trend and a buy signal
would be generated or vice versa. Additionally, the short-
term moving average can be compared to the current price
of the security, which if greater, would indicate a
downward trend and hence a sell signa should be
generated. In this implementation, if the agent is risk
averse as determined by G, it bases its interpretation on a
logical AND between those two interpretations and is
therefore more reluctant to generate a buy signal. On the
other hand, if the agent is risk taking, alogical OR is used
and either interpretation suggesting a buy would suffice to

generate abuy signal. The MA is calculated as:
t

> price

MA(t, N) = % (1)

where N=4G,, for the short-term, N=(5G,,)+50 for the
long term and t is the current trading day.

The Relative Strength Index (RS) is a price-following
oscillator that compares the internal strength of a single
security. Quite simply, if the calcul ated value lies above or
below the sell or buy threshold respectively, the
appropriate signal will be generated. For instance, if the
caculated value is 80, a sell signa is generated. The
threshold values were 5G,5 for buy and (4G46)+50 for sell.
The RSl is calculated as:

RI(t,N)=— 0 @
avgDowns
1+——
avguUps
where N=2.5G,, and avgUps/avgDowns is the average of
the increase/decrease in price noted for every day it closed
higher/lower over the last N days from day t.

The Price Rate-of-Change (ROC) indicator is based on
the assumption of cyclical price movements, and
considers the relative change of prices over time to
indicate trends. The same principles apply for long- or
short-term analysis, where if the calculated vaue lies
below the negative threshold value it indicates a buy,
while a calculated value above the positive threshold
valueindicatesasell. It is calculated by:

ROC(t,N) = price, — price_, ©)
where N=2G,z for the short-term and N=4G in the long-
term.



The Stochastic Oscillator (SO) compares a security's
price relative to its price range over a given time period.
Multiple interpretations are possible, though the following
two are used in this instance. First, it can be considered a
buy signal if the K valueis larger than the D value or vice
versa. Second, threshold values can be used for both K
and D, where if K and/or D is smaller than the buy
threshold a buy signal is generated, or vice versa
Threshold values are 3.5G,, for buy and (4G,3)+50 for
sell. D is a moving average of K over Gy days. K is
calculated as:

K (t,N) =100 — price, —lowestClose @
highestClose - lowestClose

where N=1.5Gy.

The Moving Average Convergence Divergence
(MACD) is a “trend following momentum indicator that
shows the relationship between two moving averages of
prices’ [1]. It compares its calculated value to a moving
average of itself over atime period, whereby a buy signal
is generated if the moving average is smaller, and a sell
signa if the moving average is larger. The MACD is
calculated:

2price, + prevMA(N —-1)
N+1

MACD(t, N,O) = exMA(t, N) — exMA(t,0)

where N=2G,,, 0=4.5G,; and prevMA is the previd@s

exponential moving average apart from the first instance,

where a simple moving average is used. The signal lineis

translated as 1.5G.

Lastly, Bollinger Bands (BB) are generally used to
provide a form of guideline, indicating possible trend
reversals. In this case, if the current price breaks through
the lower bollinger band it is considered a buy signal,
whileif it breaks through the upper band it is considered a
sell signal. The upper and lower bands are calculated as:

t
BBstdDev(t,N) = G,, Y. (price = MA(i,N))* ()
i=t-N

upperBand(t, N) = MA(t, N) + BBstdDev(t, N)(8)

lowerBand(t, N) = MA(t, N) — BBstdDev(t, N)(9)
where N:3.5G27.

exMA(t, N) = 5)

2.4. Historical market data

The system uses historical financial data taken from the
DAX-30, which is an index listing the top 30 capital
weighted companies registered in the German market,
with various weighting factors applied to each listed
company to determine their impact on the Index. Data
used in the system covers the time range from 01.01.1990
to 31.12.2002, however it does not include all securities

from the DAX for its entire span. Due to changes in the
congtituents of the Index, daily closing price information
was only available for 20 securities over the desired time
span. Those included are listed in Table 2 using their
Wertpapierkennummer (German security identification
number) below.

Table 2. Securities used in system

840400 | 648300 | 519000 | 717200 | 515100
760080 | 823212 | 803200 | 723610 | 575200
802200 | 703712 | 761440 | 766400 | 695200
593700 | 843002 | 750000 | 543900 | 514000

A detailed breakdown of the data splits used for the
static and adaptive approaches can be found in the
following section.

3. Static and adaptive system specifications

To facilitate a fair comparison of performance, in
addition to using the same data for out-of-sample testing,
the identical system setup was used for both the static and
adaptive implementation. However, a few modifications
were required for each specifically, as outlined below.

It is also important to note that both approaches require
100 days of historical data prior to the first trading day to
perform technical analysis. This is due to some indicators
using large amounts of historical datain their calculations.
For this reason a gap year was inserted between the
dtatic’'s training data and the test data, to alow
performance monitored trading to commence on the 1% of
the year. 1826 trading days worth of data was used
representing the time period 01.01.1997 to 31.12.2002.
This time period was chosen as the Index gained only
0.14%, however it also included the boom and crash
periods around the turn of the millennium.

3.1. Static evolution

In this approach six years worth of data prior to the
testing period plus the gap year was used to train a
population of 100 agents. 1465 trading days worth of data
was used representing the time period from 01.01.1990 to
29.12.1995. As shown previoudly [19], this time period
was assumed to be long enough to evolve a competitive
population. This population was trained using the GA
outlined in section 2.2 after every run to produce a final
solution. The fitness function used the total area under
their total asset graph over the entire training duration.

3.2. Adaptive evolution

The adaptive approach is defined by its continuous
retraining of the agent population. Consequently, the data



is not divided into training and testing data but represents
one continuous set. Two initialization procedures were
used to also investigate their impact on results. For the
first one, 163 days of data from the gap year were
reserved for the initial training phase, run over 1000
generations of agents. In the other, the trained-up
popul ation from the static system of the corresponding test
run was used for initialization. Thereafter both followed
the same procedure, where the agent population was
retrained after every trading day for 50 generations using
the most recent 50 trading days closing price information.
Thefirst set isreferred to asi, while the latter asii.

To achieve this, in the first initialization process a
trading population (TP) isfirst established using randomly
generated genomes, while for the second initiaization
process the elite of the evolved agents from the static
approach were used to initidlize the TP. In this
experiment, the TP size was equivalent to that of the elite
for the static approach. For the initial training phase and
for every retraining phase during the experiment, a second
population is created referred to as the evolution
population (EP). The EP is based on the TP, with areplica
of the TP making up 25% of the EP, a further 25% are
new randomly generated agents and the remaining 50%
are offspring from the TP using two-point crossover. The
EP then evolves using the GA, as outlined in section 2.2
again and, once finished, updates the TP and is then
discarded. It is important to emphasize however that the
TP does not necessarily change from trading day to
trading day, but less successful agents in the TP have their
genome replaced by the genome of more successful agents
that have emerged from the EP. This way holdings and
capital remain continuousin the TP. This could be loosely
based on an analogy where a group of traders who manage
their own individual portfolio in a company, visit a school
for a week, then later return to their job with a possibly
new perspective on how to trade but with the same
holdings and capital position. Once the TP is updated, the
EP is removed and only recreated at the end of the next
trading day to restart the whole process. A representation
of this processis shown in Figure 2.
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Figure 2. Adaptive evolution

Fitness was determined by comparing the total area
under their total asset graph over the retraining duration.

4, Resaults

For comparison, performance of both approaches over
the test data was used, with performance of the buy-and-
hold strategy shown to provide some contextual reference
on how the market did overal. Each experiment was
repeated five times with the average and standard
deviation shown. Furthermore, results are shown as the
total profit obtained at the end of the period as well as its
fitness. Fitness being defined as previoudly, the above or
below average performance of a group over the period
being considered, as determined by the area under their
total asset graph over time (AUC).

Experiments are denoted as “ S followed by a number
if from the static system, or “A-* if from the adaptive
system. Furthermore, A-1 to A-5 were initiaized
randomly and are referred to as i, while A-6 to A-10 were
initialized each using the evolved populations from S-1 to
S-5 respectively and are referred to collectively asii.

Table 3. Static system results

Profit AUC
Buy-and-Hold 02.34% 270x10°
S1 23.74% 251x10°
S2 26.19% 247x10°
S3 11.42% 238x10°
S4 33.65% 262x10°
S5 07.90% 247x10°
Average 20.58% 249x10°
Std. Dev. 0.10691 9x10°
Table 4. Adaptive (i) system results
Profit AUC
Buy-and-Hold 02.34% 270x10°
A-1 120.68% 279x10°
A-2 51.26% 278x10°
A-3 87.29% 286x10°
A-4 69.12% 264x10°
A-5 147.13% 312x10°
Average 95.10% 284x10°
Std. Dev. 0.38791 18x10°

Table 5. Adaptive (ii) system results

Profit AUC
Buy-and-Hold 02.34% 270x10°
A-6 54.51% 282x10°
A-7 43.51% 266x10°
A-8 141.92% 383x10°
A-9 90.59% 359x10°
A-10 31.35% 294x10°
Average 72.37% 317x10°
Std. Dev. 0.44732 51x10°




As is evident from the tables above, the adaptive
approach clearly outperforms its static equivalent in both
profit at the end of the test period and more importantly,
overall performance in terms of AUC. As might have been
expected, as the time period covered included the extreme
market boom and crash around the millennium, generaly
classified as an anomalous period in wider literature, the
adaptive approach fared better than its static equivalent.

In terms of agent performance, both static and adaptive
outperformed the buy-and-hold strategy in profit, with the
adaptive in particular successfully outperforming it with
respect to the AUC as well. However the absence of
transaction costs must be highlighted in this respect.

Average performance for each trading day from each
of the five runs for the three groups relative to the Index is
illustrated in Figure 3 below.

5. Analysisand discussion

In al cases the adaptive approach outperformed the
static approach. As is clearly evident, whether initialized
with the same set of knowledge as the static approach or
using a different starting set of agents, the static approach
faled to attain similar positive results. Overal, this
observation is in-line with expectations, as the market
represents a continuously changing complex environment
where underlying rules, though generaly valid, may from
time to time need to be adjusted and different strategies
will need to be employed. As the adaptive system
provides this ability, it can exploit the emergence of
successful short-term trading strategies over the general
long-term strategies the static system is dependent on.

Analyzing the difference between adaptive and static
approaches, trading activity can also be considered and
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observations are shown in Table 6 below.

Table 6. Trading activity

Avg. Avg. Correlation

Buys Sels (Std. Dev.)
Static 3.88 1.49 0.963 (0.016)
Adaptivei 1.60 0.81 0.588 (0.180)
Adaptiveii 1.54 0.79 0.718 (0.126)

Table 6 illustrates the average number of daily buy and
sell actions taken by each agent population from each
approach, as well as the average correlation between their
performance and that of buy-and-hold. Between the static
and adaptive results, a noticeable difference exists in the
number of trades conducted for both purchases and sales,
indicating a more active approach taken by each group.
Both adaptive approaches also have noticeably different
correlation value compared to the static approach, as
further highlighted by Figure 3, reflecting the reduced
trend-following trading behavior exhibited.

Lastly, a Mann-Whitney U Test was used to compare
the static results to each adaptive result set, and the
adaptive sets to each other. Additionally, trading activity
was compared between each group. Results are presented
in Table 7 below.

Table 7. Mann-Whitney U Test Results

Test P-value
Static — Adaptive (i) 0.00794
Static — Adaptive (ii) 0.00794
Adaptive (i) — Adaptive (ii) 0.30952
Static Buy — Adaptive (i) Buy 0.00008
Static Buy — Adaptive (ii) Buy 0.00008
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Figure 3. Averaged performance graphs



Adaptive (i) Buy — Adaptive (ii) Buy 0.39710
Static Sell — Adaptive (i) Sell 0.00007
Static Sell — Adaptive (ii) Sell 0.00008
Adaptive (i) Sell — Adaptive (ii) Sell 0.10995

At a significance value of 0.01 there exists a significant
difference between the results obtained from the static and
adaptive approach, supporting the above conclusions.
Furthermore, the remaining results indicate that a
significant difference exists between static and adaptive
trading behavior, with no significant difference being
found between the two adaptive groups.

6. Conclusions

Based on these results, it appears that an adaptive
approach offers clear advantages over its static alternative
for optimizing trading strategies or populations using
technica analysis. Though both implementations used
here could be optimized further, by varying re-training
periods or population sizes for instance, neither was really
given this advantage. Furthermore, previous research [19]
seemed to indicate a negligible impact of varying those
factors in the static system. Overall therefore it seems
advisable to use an adaptive approach in future research
attempting to optimize trading strategies using technical
trading rules.
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