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Abstract

This paper investigates the process of deriving a single
decision solely based on the decisions made by a
population of experts. Four different amalgamation
processes are studied and compared among one another,
collectively referred to as central decision makers. The
expert, also referred to as reference, population is trained
using a simple genetic algorithm using crossover, elitism
and immigration using historical equity market data to
make trading decisions. Performance of the trained agent
population’s elite, as determined by results from testing in
an out-of-sample data set, is also compared to that of the
centralized decision makers to determine which displays
the better performance. Performance was measured as
the area under their total assets graph over the out-of-
sample testing period to avoid biasing results to the cut
off date using the more traditional measure of profit.
Results showed that none of the implemented methods of
deriving a centralized decision in this investigation
outperformed the evolved and optimized agent
population. Further, no difference in performance was
found between the four central decision makers.

1. Introduction

This paper investigates the use of centralized decision
makers compared to groups of individuals in a portfolio
optimisation simulation. The averaged performance of a
group of trading agents has previously been shown to
perform comparatively to the buy and hold strategy and
professionally managed funds [10]. In this paper an
attempt is made at deriving a single trading strategy in the
form of a centralized decision maker based on the
decisions made by a group of trained trading agents. The
performance of the centralized decision maker is then
compared to the averaged performance of the reference

population. Though the merit of groups of independently
trading agents in a variety of market settings has been
extensively studied [2, 3, 6, 12, 13], the potential benefits
offered through group synergies need to be explored
further.

Rehfuss, Wu and Moody compared four alternative
approaches to combining forecasts into one overall
prediction or decision based on a sample trading system
[8]. To increase robustness and adaptivity of their system
they introduced retraining of their models at each step as
well as a form of exponential decay to include a time
dependent factor. The first system for example was based
on a combination of al individual predictors, which would
generate a trading signal of the corresponding sign when
the forecasted number deviated from the mean of its
standard deviation. Also, a form of hybrid of their
approaches was used which they argued seemed to
minimize maximum losses and proved more robust than
others, with their pure voting and other systems
performing worse. The authors concluded that creating
committees would be a useful way to decrease noise and
that in decision making, it might be useful to combine
decisions rather than their forecasts.

In the context of a decision support system, Vahidov
and Fazlollahi developed a framework of hierarchical
agent groups with a decision maker at its top, aiming for
an agent-based decision support system that parallels the
human problem solving process [15]. The hierarchy
consists of three groups or layers of agents representing
phases in their problem solving model, intelligence group,
design group, choice group, where each layer must
incorporate a range of aspects and different views, for
instance two schools of thought of fundamental analysis
and technical analysis. They found that using such a
method it outperformed traditional decision support
systems.

An dternative to centralizing decisions is shown by
Ontafion and Plaza [7]. The authors focused on
committees of agents with learning capabilities where no



agent is omniscient but has a local, limited, individual
view of data. In their system, agents can solve any
problem individualy, however then try to create more
accurate classifications through collaboration. Using a
collaboration scheme based on symbolic justification of
results, agent’s results are aggregated using a weighted
voting scheme using confidence measures as weights.
Different to previous research, the system does not contain
a centralized method that has control over the entire
training set. It could be argued that each agent is self-
contained and only through their interaction does
collectivism emerge, rather than enforcing unity through a
centralized control mechanism that has access to the
internals of every agent, transforming them into
transparent components of the overall system. They state
that their method works well in different scenarios where
normal voting tendsto fail sometimes.

Schulenburg and Ross present an analysis of groups of
agents trading in a stock market environment using
historical data and a learning classifier system [9]. One of
the key elements in their study was to focus on aspects of
group decision-making rather than that of individual
traders, based on the greater complexity of modeling a
human individual with unique characteristics rather than
as an abstract member of a group. Interestingly, one of
their conclusions was that technical trading is a valid
method to employ for trading in financial markets, but as
with most things, can be less or more appropriate at times
compared to non-technical trading. Technical trading
being defined as using technical analysis such as
indicators to determine buy/sell/hold situations, while
non-technical trading encompasses a more diverse source
of information not necessarily based on any calculations
or numbers. Furthermore, they suggest a form of ‘super
trader’, who could base decisions on both technical and
non-technical traders to overall hopefully perform better
than either. This resembles group decision making,
whereby a collective decision is taken from various
‘different’ types of agents that is then used to make overall
trading decisions as one entity. In this paper we take the
first step in this direction for our future work by
attempting to extract such overall trading decisions, or
centralized decisions as referred to here, from a group of
technical traders.

2. System description

Parts 2.1 to 2.5 of the system used in this investigation
have been previously described in [11] and other previous
work. However for completeness and understanding a
detailed description isincluded.

2.1. Trading agent design

Every agent represents an individual trader with a
personal portfolio and capital holdings, collectively
referred to as their total assets or worth. With a fixed
starting capital, at the end of every trading day each trader
uses historical price data to make a decision on every
security whether to buy, sell or hold. No limitations, apart
from capital congtraints, are set on the number of trades
conducted.

Every agent uses technical indicators to generate
trading signals for every security that is assessed.
Indicators used are the Simple Moving Average (MA),
Relative Strength Index (RSI), Price-Rate-of-Change
(ROC), Stochastic Oscillator (SO), Moving Average
Convergence Divergence (MACD) and Bollinger Bands
(BB). Depending on the signals returned, an overall
decision of buy, sell or hold is made for a security
depending on the agent’s decision type. The amount of
capital invested is again determined by the genome, with it
equaly allocated between each security flagged for
acquisition. Securities that are sold are converted into
capital at their current closing price.

Every agent contains a string of integers, representing
the agent’'s genome. Parameters used in the agent's
analysis and decision process are determined by the
agent's genome, effectively determining its trading
behavior. Mapping of genome to phenotype are discussed
throughout the following text. The genome for every agent
consists of integers taking values 1-10, of length 28. 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 asthe SO D variable
and BB deviation variable with a cardinaity of 5. All
genes are defined asin Table 1.

Table 1. Gene descriptions

Gene | Range | Description/Function
G; 1-4 | Decision type
G, 1-2 | Risk averseness factor
Gs 1-10 | Capital investment proportion
G, 1-10 | Moving Average weight
Gs 1-10 | RSl weight
Gg 1-10 | Short-term ROC weight
Gy 1-10 | Long-term Price ROC weight
Gs 1-10 | SOinterpretation 1 weight
G 1-10 | SO interpretation 2 weight
Gy | 1-10 | MACD weight
Gu 1-10 | BB weight
G 1-10 | MA short-term value
Gi3 1-10 | MA long-term value
Gu 1-10 | RSl time period
G5 1-10 | RSl buy threshold




G 1-10 | RSl sdl threshold

Gyy 1-10 | ROC level

Gis 1-10 | ROC short-term value
Gio 1-10 | ROC long-term value
Gy 1-10 | SOK variablevaue
Gy 1-5 | SOD variable value
Gy 1-10 | SO buy threshold

Go3 1-10 | SO sl threshold

Gos 1-10 | MACD short-term value
Gys 1-10 | MACD long-term value
Gog 1-10 | MACD signal line

Gy 1-10 | BB time period value
Gog 1-5 | BB deviations number

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. Technical indicators and the decision process

There are essentidly three steps that every agent
follows to determine whether or not to add a particular
security to its acquisition or sale list. To analyse a security
it first performs the indicator calculations, each using
historical closing price information. Depending on the
indicator, one or more values are returned which then
need to be interpreted for the calculated values to gain
meaning. Based on this interpretation, every agent then
compiles alist of buy and sell signals for every security as
the second step in this process. The final step is generating
an overall buy, sell or hold decision for each security,
based on the agent’ s decision type.

The following is a brief description of the indicators
employed, and how an agent's genome is used to
individualize the calculations. Technical indicators are
tools used in the technical analysis of financia markets,
exploiting the existence of trends to determine potential
buy, sell or hold conditions. Indicators are mathematical
formulae, commonly based on closing price or volume
data, with price information being used exclusively in this
system. Though markets are often argued to move
randomly [5], regularities do appear and lead to observed
phenomena such as seasonal cycles for example [14],
which are exploited by the indicators.

When an agent is initialised, some of its gene values
would not be appropriate for direct use in the system and
need to be modified. For instance, though G,; can be used
directly in the technical indicator without transation, this
is not possible for Gyz. Asan informal rule, the trandation
was based on achieving a representative average value
approximate to the range used in wider literature.

A MA shows the average value of a securities price
over time. The short-term and long-term moving average
values are calculated over 4G, days for the short-term
and (5Gy3)+50 days for the long term. If the MA over the
short-term is larger than over the long-term, it indicates an
upward trend and a buy signal would be generated. If the
MA over the short-term is smaller than the long-term, a
downward trend is indicated and a sell signal would be
generated. Additionally, the short-term MA can be
compared to the current price of the security, which if
greater, would indicate a downward trend and hence a sell
signal 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
abuy signal. On the other hand, if the agent is risk taking,
alogical OR is used and either interpretation suggesting a
buy would suffice for the agent to consider this a buy
signal. 1 buy or sell signal is generated by thisindicator.

The RSI is a price-following oscillator that measures
the magnitude of gains and losses of a single security over
a specific time period to determine the current trend. It is
calculated over 2.5Gy4 days. If the calculated value lies
above or below the sell (4G6)+50 or buy 5G;5 threshold
respectively, the appropriate signal will be generated. 1
buy, sell or hold signdl is generated by thisindicator.

The ROC indicator is based on the assumption of
cyclical price movements, and considers the relative
change of prices over time to indicate trends. The period
considered is 2G,g days for the short-term and 4G, days
for the long-term. The ROC is repeated for both long- and
short-term analysis, where if the calculated vaue lies
below the negative threshold value of -G,; it indicates a
buy, while a calculated value above the positive threshold
value of +Gy; indicates a sell in both instances. 1 buy or
sell signa is generated for the short-term, and 1 buy or
sell signal is generated for the long-term.

The SO compares a security's price relative to its price
range over a given time period, using two parameters
commonly defined as K and D. K is calculated over
1.5G,, days, while D is a moving average of K over Gy,
days. Multiple interpretations are possible, though the
following two are used in this instance. First, it can be
considered a buy signal if the K value is larger than the D
value or a sel signal if D is larger than K. Second,
threshold values can be added for both K and D. In that
case, if K and/or D is smaller than the buy threshold of
3.5G,, a buy signal is generated, or equally, if K and/or D
is larger than the sell threshold of 4G,; a sell signd is
generated. 1 buy or sell signal is generated by the first
interpretation, and 1 buy or sell signal is generated by the
second.

The MACD “is a trend following momentum indicator
that shows the relationship between two moving averages



of prices’ [1]. Itiscalculated for the short-term over 2Gy,
days, and over 4.5G,5 days for the long-term. The MACD
compares its calculated value to a moving average of itself
over atime period of 1.5G, days, whereby a buy signal is
generated if the MA issmaller, and asdll signal if the MA
islarger. 1 buy or sell signal is generated by thisindicator.

Lastly, BBs are generally used to provide a form of
guideline, indicating possible trend reversals. The upper
and lower bands are calculated over 3.5G,; days. The
bands indicate that when the current price breaks through
the lower band of 3.5G,; it is considered a buy signal,
while if it breaks through the upper band of 3.5G,; it is
considered a sell signal. 1 buy or sell signal is generated
by thisindicator.

In order to alow for different approaches that exist
among real traders to selecting securities for purchase or
sale, four agent decision types were implemented.

i. Decision type 1 (DT1) 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 the 8
possible signals used here for a security, if 3 are buy and 2
are sell, an agent of this type would decide to purchase
this security.

ii.  Decisiontype 2 (DT2) follows the same principle
as DT1. However it aso stipulates that for a buy or sell
action to occur, at least half of al signals must be in
favour. 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.

iii. Decison type 3 (DT3) sums the indicators by
taking buy signals as +1 and sell signals as -1, as well as
including a weighting process on each signal (G4 to Gyy),
increasing or decreasing its impact on the final sum.
Therefore a positive sum would trandate into an overall
buy signal, while a negative sum into an overal sell
decision.

iv. Decision type 4 (DT4) follows the same principle
as DT3, except for adjusting the fina sum to create a
threshold value which it needs to exceed prior to resulting
in an overall buy or sell decision. For example, though
decision type 3 would generate a buy signal for a value of
+5, the threshold for decision type 4 is set at +/-10 and
would therefore result in aneutral hold decision.

2.4. Genetic algorithm

The genetic algorithm forms the core functionality of
the system in determining the evolution of the agents. The
choice to use a genetic algorithm was based on previous
research [10, 11], as well as the algorithms ability to deal
with irregularities and exceptions in data. As markets are

affected by human expectations and at times irrational
human behavior, arobust algorithm is essential.

A general representation of how the agent populationis
evolved is shown in figure 1. The elite population and
killed population are each respectively the top and bottom
25% of the entire agent population. In an unpublished
study, the top and bottom population sizes were varied
and tested, with 25 forming a convenient and equally
effective measure for both using an otherwise identical
setup as described here. The alternative values for the top
and bottom popul ations investigated were combinations of
5, 10 and 25.
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Figure 1. Evolution of agent populations

For selection, elitism [6] 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 aso 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 agent’s genome, forming a new
genome combination. In this process 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.

In other research, performance tends to generally be
measured as an agent’s capital and value of al holdings at
the end of the trading period relative to its starting value.
However, as this biases results based on the cut-off date
used, a more representative 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. We therefore propose that performance refers to
the area under an agent’s total asset graph for the trading
period being assessed.



2.5. 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

To evolve the population of 100 agents, 1465 trading
days worth of data was used representing six year from
01.01.1990 to 29.12.1995. As shown previously [11], this
time period was assumed to be long enough to evolve a
competitive population. The out-of-sample period was
taken over six year from 01.01.1997 to 31.12.2002. The
fitness function used the total area under their total asset
graph over the entire training duration.

2.6. Central decision maker agent

Extending previous work and prior to being able to
design a centralized decision system, the issue of deriving
a single sequence of decisions from a population of agents
needs to be addressed. Currently, each agent in the
population makes its own decisions and holds its own
portfolio. However, given various possible approaches or
methods of amalgamating the population's individual
decisions into one, it is important to determine which of
these amalgamation methods will actually result in
performance similar to that demonstrated by the
population overal. In other words, using one
amalgamation approach may result in a sequence of
decisions that do not perform very well, while another
might equally well significantly outperform other
strategies. The question addressed here will be whether an
amalgamation of decisions from individual agents is
feasible and results in comparable performance to that of
the population average, as well as, investigating
alternative amalgamation methods and selecting the most
successful, if any, for further research. This is based on

the hypothesis that given a population of agents each
holding their own portfolio and making their own
decisions, it is possible to derive an amalgamation of these
decisions that when applied to the market would result in
performance comparabl e to the population’s average.

Four amalgamation methods were implemented, each
based on the collection of buy, sell or hold decisions made
on each security by all agents for every trading day. For
example, agent 1 has security 8 as a buy, agent 2 has
security 8 as a sell and agent 3 has security 8 as a buy
again. This would give security 8 a count of 2 buys and 1
sell for the amalgamation process. This process could
loosely be compared to a simple voting system.

Central Decision Makers (CDM)

CDM1:

# Buys > # Sells-> Buy
CDM2:

#Buys > # Sells & # Buys >= 25/2 -> Buy
CDM3:

#Buys>0& # Sells=0->Buy

CDM4:

#Buys>0 & # Sells=0 & #Buys>= 13 -> Buy
A

Buy/sell decisions for al

25 agents are passed to
CDMs
Agent 1, Agent 2, ... Agent 25

DT1:

# Buys > # Sells-> Buy

DT2:

#Buys > # Sells & # Buys >= 8/2 -> Buy

DT3:

Y'signastweight > 0 -> Buy

DT4:

>'signalstweight > 0 & > signals*weight 10 -> Buy

A

8 buy/sell/hold signals per security

Simple Moving-average

Relative Strength Index
Price-Rate-of-Change (short-term)
Price-Rate-of-Change (long-term)
Stochastic Oscillator (interpretation 1)
Stochastic Oscillator (interpretation 2)
Moving Average Convergence Divergence
Bollinger Bands

Figure 2. Decision process overview.

i The first method (CDM1) performs a simple
comparison between the number of overall buy and sell



signals. If either is greater than the other, the
corresponding action is adopted for that security.

ii.  The second method (CDM2) generates a buy/sell
signal if at least half the population generated a buy/sell
signal respectively.

iii. The third method (CDM3) will generate a
buy/sell signal if at least one agent from the population
generates the respective signal and no opposing signals
exist for that security.

iv. The fourth method (CDM4) follows the same
principle as CDM3, except at least haf the population
must have generated the same signal for it to generate the
samesignal.

An overview of the decision process from technical
analysis to the central decision making agentsis shown in
figure 2.

3. Experimentation and results

For comparison, ten agent populations were evolved
and tested over the out-of-sample period, with their
performance recorded as the experimental benchmark.
Four central decision makers were implemented, each
corresponding to the four decision making types described
earlier. The decisions made by the elite population on

260,000.00 +

220,000.00

every trading day were used by the central decision
makers to generate their own decisions for every
experiment run. The following results were obtained, as
shown in Table 3.

Table 3. Experiment results (all values x10°)

CDM1|CDM2|CDM 3 |CDM4 [Elite
225 1254 230 230  |290
242|225 214  |214  |303
240 271|314 314 |306
208 |215 200 201 301
254 1209|207 207  |302
251|277 192 192|301
232|226 221 222  |318
250 |251  |275 275 |314
231 |208 |290 290  |300
0 262 230 237 235 321
Mean 240 |237 |238 238  |306
SD. |159 [251 414 (412 |94

PO |INO|ORIWIN|F

CDM1, CDM2, CDM3 and CDM4 all showed similar
average performance while the Elite demonstrated
significantly better results.

Two sets of ten runs were performed, with the first

180,000.00 -

Performance

140,000.00

(BN

100,000.00 -

60,000.00 T

01/01/1997 01/01/1998 01/01/1999

01/01/2000

01/01/2001 01/01/2002 01/01/2003

Time

| —Elite

CDMs Mean

— Buy-and-hold |

Figure 2. Performance of Elite, CDMs mean and Buy-and-hold



providing identical starting capital to each CDM as to
every trader in the elite (100,000), as shown in table 3,
while the second provided each CDM with a starting
capital equivalent to the sum of the elite's starting capital
(25*100,000). However, the latter experiment showed
very similar results that reproduced the ones observed in
table 3. In conclusion, incrementing the starting capital at
those levels does not affect trading performance and will
therefore not be considered further here.

A graphical representation of the averaged
performance of the elite and each CDM over the out-of-
sample test period is shown in figure 3, also including a
comparison of their performance to the buy-and-hold
strategy. The buy-and-hold strategy is a common
benchmark for performance comparison asit represents an
investment strategy where the entire starting capital is
invested in its entirety equally into all securities, without
making any further trading decisions thereafter. Figure 2
shows that the elite outperformed the buy-and-hold
strategy across the entire time span, while the CDMs
underperformed for most of the out-of-sample data. The
buy-and-hold strategy has a total area under its graph of
270x106, which is aso clearly larger than that shown by
the CDMs.

4. Analysisand discussion

Comparing the mean from the ten experiments for each
CDM and the dlite, it is quite apparent that the four
amalgamation processes did not produce a phenotype that
is as successful as the elite. Furthermore, when compared
to the buy-and-hold strategy only the elite offers a
successful aternative. Statistical analysis using Kruskal-
Wallis compared CDM1 to CDM4 among one another to
determine if there exists any significant difference
between them. CDM1, CDM2, CDM3 and CDM4 were
compared individually to the Elite using Mann-Whitney U
Tests to determine if a significant difference exists
between the elite and the central decision makers. Results
are show in table 5 and table 6 below.

Table 5. Kruskal-Wallis test

Experiments compared H-value | p-value

CDM1, CDM2, CDM3,CDM4 | 1.181 0.7576

Table 6. Mann Whitney U tests

Experiments compared | p-value
Elite CDM1 0.0002
Elite CDM2 0.0002
Elite CDM3 0.0019
Elite CDM4 0.0019

As is clearly apparent, no significant difference in
performance exists between the result sets A and B.
Furthermore, both demonstrate that a significant
difference in performance exists between each
amalgamation method and the €lite, while no difference
exists between the amalgamation methods themselves.
Near identical statistical results were observed for the
experiments using the alternative starting capital for
CDMs. As the individual agents represent aready
optimized trading strategies, it is not overly surprising that
an amalgamation thereof should demonstrate worse
performance. Using successful strategies, which can
involve fundamentally different styles, for deriving an
overall strategy should be anticipated to result in less
coherent investment and therefore lower returns. This
suggests that in order to benefit from deriving a single
strategy or centralizing investment decisions from an
already optimized pool of simulated traders, a less
homogenous reference population with diversity in trading
approaches could enable the centralized system to switch
between optimized strategies. Depending on their
suitability for the current period being considered, its
improved performance margin may be created by trading
off the strengths and weaknesses of the strategies. This
however needs to be substantiated by further research.

In conclusion, this investigation has demonstrated that
distilling a single or centralized decision from a group of
individual decision makers using homogenous methods of
analysis does not necessarily improve or maintain a
comparable level of performance. The emphasis here lies
on the amalgamation process itself, as it is the key factor
in determining success of the approach and needs to be
specifically designed and refined for the application
domain.
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