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Abstract: In this paper, a multi-access database g/stem for stock trading using Al-
based methods is presented. Financial time series as well as stock trading experts are
stored in a relational database. These experts are used to generate trading decisions. A
stock trading expert is considered as a composition of technical indicators and financial
decision rules that can be used to predict financial time series. Before storing expertsin
the database, their trading rules are discovered by a genetic algorithm. The goal of the
evolution is to find out the most relevant and efficient set of decision rules. Users can
download information from the database and carry out trading simulations and take
expert trading advice. The proposed methodology is validated on real-life stock data. A
few snapshots of the user interface illustrate the approach and results obtained. Based
on the results of experimentation, it seems that the genetic algorithms are well adapted
to solve these types of problems and allow interesting solutions to be discovered.
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1 Introduction

Investors and financial experts have always focused a great deal of attention on
the problem of financial price forecasting. Over the years, financial experts have
developed hundreds of technical and fundamental indicators to predict financial
time series. Today, financial markets are considered as complex, time-variant and
nonlinear dynamic systems.

The problem of stock trading is particularly complex. The basic question is how
to select from the large number of features and indicators available those that are
most significant and relevant. Although many propositions of stock trading mod-
els exist [1,4,7,10,15], until now no efficient solution has been found. Many ex-
perts take the view that the model should be looked for in historical data, and the
search process should have a continuous and incremental character depending on
the efficiency of the currently used model. In practice, this means that at a given
moment of the financial time series, it should be possible to design a model that
provides a better forecast than any other model in terms of the evaluation func-
tion.



The goal of this project is to develop a stock trading support system using data-
base technology and evolutionary conputing. In order to introduce the idea of an
evolutionary approach, let us assume that each combination of decision rules and
indicators represent an artificial trading expert. The process of expert generation
is based on the assumption that all the information necessary to predict the trad-
ing positions is contained in the financial time series. Experts are not given a
priori but evolve dynamically through the genetic algorithm. In genetic terminol-
ogy, the artificial trading experts form the population of d&iromosomes, where
each one generates a trading decision based on his rules applied to historical fi-
nancial data. The decisions have to be made on a day-to-day basis according to
price and volume data. At a given time t, each expert has to take one of three
decisions: “Buy”, “Sell” or “Hold”. In order to measure the expert performance,
the prediction horizon of one day is chosen. This means that an expert has to take
long, short or neutral positions in the market, each of which incurs a fixed trans-
action cost of the price at time (t+1).

In our approach, trading experts are dynamically modified by the genetic opera-
tions and evolve over time. The rules of evolution require that the profit making
experts have to be promoted much more strongly than those taking the wrong
decisions and losing. The evolution process has been detailed in our previous
works [11,12]. In this paper, we concentrate on the architectural and technologi-
cal aspects of a multi-access database system for stock trading using genetic
methods.

The system makes use of the latest developments in ecommerce technology,
such as multi-tier architecture, multi-access database and object-oriented pack-
ages written in Java. These techniques allow the system to be used on many plat-
forms and ensure that it is possible for every computer connected on the Web to
reach the database. The database technology guarantees not only data coherence
but also assures easy access to the data and short response times. In comparison
with the other trading systems, iBE provides a trading expertise well-adopted to
changing market situations and offers efficient technology allowing remote trad-

ing.

In Section 2, the architecture of the decision support system, called iBE, is briefly de-
scribed as well as its main functions. In Section 3, the expert encoding technique and
the decision rules are defined. Here it is shown how trading experts are generated using
the financial time series. In Section 4, database management problems are discussed
and the programming environment used to develop the system is described. The pro-
posed methodology is illustrated using the time series extracted from the Paris Stock
Exchange database. In Section 5 a few snapshots of the trading system show the user
interface and results obtained. Conclusions are drawn in the last section.



2 System architecture and functions

The objective of this project was to develop a decision support system for stock
trading that integrates the evolutionary approach to data mining and recent informa-
tion technology, in particular, internet, e-commerce, portables such as WAP, GPRS or
UMTS, PDA, handheld computers and portables.

2.1 System architecture

The architecture of the new system is composed of three functional modules (Figure
1). The goa of the first module is to discover by genetic evolution an artificial expert
that is capable of advising on optimal trading decisions based on financia time series.
In terms of the iBE system, the optimal decision maximizes the function-criterion that
evaluates the performances of the expert.
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Figure 1. General schema of the system architecture

The financial knowledge of the system corresponds to technical indicators and
rules of financial analysis. In our application each wle is represented as a con-
ditional form. Each generated expert is a combination of rules, encoded as a
sequence of genes, i.e., a chromosome. Usually, the goal of genetic evolution is
to discover the most profitable expert. In our system, various performance
measures are available: Return on Investment (ROI), the quality of prediction,
the level of risk and the maximum of successive |osses



In practice, the goal of the expert generator is to find an expert that outperforms the
acceptable level of the function evaluation. To achieve thistask, the genetic algorithm
must efficiently traverse a very large space of solutions while simultaneously promot-
ing the better experts and eliminating the worst ones. This process will be detailed in
the next section.

The second module of the iBE system is the application server, implemented in
Oracle8i technology coupled with object-oriented programming. The database con-
tains the generated experts as well as all data required to generate trading advice, in
particular, for each stock, the opening, highest, lowest and closing prices, the volume
of transactions, and the market index.

2.2 System functions

The iBE system is designed for traders equipped with a PC (standard or portable),
and to the trader-nomades that use a portable phone WAP/GPRS/UMTS or the PDA.
The information service is diversified according to the visualisation and computing
capacity of the tool used. A customer wishing to consult the financial time series in
order to take a decision regarding the market can connect to the database, and after his
authentication can obtain an advice, an explanation and complementary financial
information. It is evident that the third module "Consulting and simulation” is essan-

tial for users. This module is composed of four principal functions:

- The first function provides the downloading of time series, experts and rule pa-
rameters from the database.

- The second function visualises time series, trading rules and decisions taken by
each of therules.

- The third consists of a generation of trading decisions (Buy, Sell or Hold) for the
following day. The iBE knows the rules to use and their parameters. Therefore,
before seeking advice, the user can inform himself about applied rules and expert
performances in a chosen period. The user can equally simulate his own strategy,
parallel to that of the expert, and compare his own results to those of the expert.

- The fourth function facilitates the search for financial information available on the
WEB taking into account the user’ s key-words and preferences.

2.3 Important technical choices

In order to implement this system, the latest information technologies have
been used to maintain the data coherence, the expertise diffusion and how -
plication will evolve. The system interface is designed for stock-traders who are
not necessarily specialists in time-series modelling and computer science. The
necessary trading information is available and displayed by a few clicks of the
mouse. The user may visualize stock quotes, expert performances and evaluate
his and expert trading strategies. The user confidence in the expert decisions is
reinforced by the display of the various expert performances measures. To ex-
tend thisinformation, the on-line Web-searching services are provided.



The choice of the programming language and the development environment
were conditioned by the same requirements as were made on the database man-
agement system. The Java language, proposed by SUN, is the language assuring
the system portability on different platforms and operating systems, straight-
forward integration with the database, and easy system extensions in the future.

3 Decision rules and trading expert generation

As mentioned in the introduction, stock market forecasting is a particularly
complex task. In order to create a model of expert, we are faced not only with the
problem of discovering which composition of decision rules is most efficient, but
also of how to estimate the significance of changes over time, and how to take
them into account when refining the expert knowledge. The assumption is that
the model is hidden in historical data and in data relations that reflect the behav -
iour of actors within the financial market. Their behaviour is the result of their
perception and evaluation of economic and political situations related to a given
financial product. It is of course impossible to identify all data, rules and indica-
tors that influence each particular actor.

The goal of the evolutionary approach is to discover an artificial expert which is able
to make optimal decisions based on the available financial data. One can assume that
the optimal decision is the one which maximizes the relative difference between profit
and loss. In this case, the genetic algorithm supervises trading and keeps track of profits
for each individual expert asfollows:

Gain(expert) = Cumulated_Sell — Cumulated_Buy - Transaction_cost

To calculate the gain, the initial investment is given by the user with a fixed
commission charged when a trade is opened and again when it is closed. Based
on the selected financial rules, day after day each expert makes a choice of one of
three possible positions: “Buy”, “Sell” or “Hold”. The system computes the gain
using the next day opening price for the buy and sell positions. All daily deci-
sions contribute to the global gain of the expert. In addition to the trading gain,
the system also calculates the following: the return on investment, which is the
amount of money it made on the learning and testing sets, the percentage of cor-
rect decisions, the level of risk, and the optimal decision. In the current version
of the system, a user selecting from the list of available criteria may choose the
model performance measure.

The design of decision rules represents crucial tasks in the evolution process. In
our experiments, the financial time series were extracted from the Paris Stock
Exchange database.

The decision rules correspond to the financial rules used in methods based on
the technical analysis [2,3,6,13]. The background knowledge of the systemis
represented as a set of production rules stored in the following format:



IF conditions are satisfied THEN decision.

The left part of the rule is written as formal expressions, describing mathemati-
cal formulas or financial indicators, but the right part represents the decision that
might be taken.

Production rules may be very complex and contain many nested sub-rules and func-
tions. Below, afew examples of production rules are given and commented.

- R1: IF Rate of Changeis greater than 1 THEN Buy,
OTHERWISE IF Rate of Changeis smaller than 1 THEN Sell

The Rate Of Change (ROC) is a simple relation between the current price
and the price in the past; in the system the price is taken 10, 15, 30 and
50 days before.

- R2: IF EMV indicator is positive THEN Buy
ELSE IF EMV indicator is negative THEN Sell

The ARM’s Ease of Mouvement Value is a momentum indicator used to
quantify volume and price changes in one indicator in order to determine
the ease, or lack thereof, with which the market price is able to move up
or down. The indicator is computed as follows:
EMV= [(H+L)/2 - (Hy+ Ly)/2] /[ VI(H-L)]

where H is the highest price in a given period, L is the lowest price, H, and L,
are the highest and the lowest prices respectively in the previous period, and V
isthe volume of transactions.

Most of the decision rules in our system have come from the Encyclopedia of
Technical Market Indicators by W.Colby and T. Meyers [6]; such as rules based
on CCI, OBV, etc. Of course, if one wants to create more sophisticated rules, the
knowledge base may easily be modified and extended. Rules might even be irra-
tional, for instance a rule which prohibits making any transactions on Friday 13",
or rules based on the signs of the Zodiac.

Each artificial trading expert is encoded as a binary string, a chromosome, made
up of a finite sequence of genes. Genes represent the rules to be executed while
examining financial data. In our representation, it was assumed that each gene
represents one decision rule. For instance, the model using the rules R2 and R4 is
encoded as a string: 010100.

As described in the previous section, decisions are generated according to satis-
fied rule conditions. In our system the following decisions are possible:
0 - indicates the “Sell” position, where the system predicts that the stock price
will go down,
0.5 — indicates the neutral position, “Hold”: the stock price neither indicates a
“Sell” or a“Buy” decision,
1 - indicates the “Buy” position, the system predicts that the stock price will go

up.



The decisions are evaluated by the function-criterion that measures the expert
performance in a given period of time. Returning to the evolution process, it is
desirable that experts with better performance be promoted so that they will be
inserted in the next population, but those who are losing be reduced or eliminated
from the process. Expert evolution is detailed in [11].

In our system, the model performance measure can be chosen by a user select-
ing from the list of available criteria: the return on investment, the forecasting
accuracy; the level of risk, the maximum consecutive loss. After evaluation, the
system sorts the models according to the values of the fitness function. The task
of the genetic algorithm is to discover a model that exceeds the acceptable level
of the function [8]. To solve this problem, the genetic algorithm must efficiently
search for a solution space, promoting better models and eliminating weaker
ones. The end process criterion may be defined in various ways. In our example,
it is assumed that the evolution process may be stopped in two cases: if an ac-
ceptable model has been found or if the maximal number of populations is
reached. An extensive evaluation of our approach on the real-life data extracted
from the Bourse de Parisis published in[12].

4 Management of time series and generated experts

4.1 Thetime series database

The heart of the information management module is a database operated under the
DBMS Oracle 8i. The database contains 13 tables organized in such a way as to
minimize the response time. The conceptual schema of the database (Figure 2) shows
the main tables and their relationships. To maintain a high quality of data all informa-
tion to be inserted into the database undergoes a coherence test before writing them
into the database. For instance, among these tests, one verifies if the high price is
superior to all the other values of the day. The same operation is applied to the lowest
value. If the data correspond well to all these constraints, they are stored in the daa-
base and are ready to be distributed to the users.
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Figure2. The database schema



Currently, the database contains the time series for all the principal stocks
(forming the CAC40 index) which have been traded on the Paris Stock Ex-
change since January 2, 1997. Of course, a new time series may be easily n-
serted. The generated trading experts are also saved in the database in the table
«Expert». The authorized users can download all these data from the database.

4.2 The system environment and softwar e technologies

The latest software technologies have been used to implement the system [5,9,14].
The main idea was not only to keep the system maximally independent on the used
computer platform and operating system, but also to offer an easy-to-use, friendly and
intuitive user interface. It was necessary for the software to facilitate a distant connec-
tion to the database through the Internet and be easily modifiable. For these reasons,
the following techniques have been used:

- the DBMS Oracle 8i was chosen to create a database system opened towards the e
commerce, Web or WAP applications,

- the language JAVA (SUN) was chosen to maintain the inter-platform software com
patibility,

- the JDeveloper (Oracle) was used to develop Java programs; it has made it possible to
integrate all necessary API to interoperate with the Oracle database,

- the library JDBC (Java Data Base Connectivity) has been used to assure the intercon-
nection between the iBE and the database. The JDBC is a Java library for accessing
DBMS. There are four types of JDBC drivers that enable a Java program to be con-
nected directly or indirectly with a database. For our application, the driver Thin has
been selected to work with the Oracle server or the execution platform of our applica-
tion. This also makes possible to keep the same driver and the same application,
whatever an execution platform may be.

- to develop a user interface, Sun proposes two libraries: the AWT (Abstract Window-
ing Toolkit, developed at the time of the first versions of Jva), and the SWING i-
brary developed with the 1.2 version of Java. In our system, the last version of
graphical interface is chosen.

4.3. Constraints of iBE execution

The iBE software, having been developed in Java language, requires installation of
the Java Virtual Machine on a client station before running the application. Today a
number of software editors have created their own virtual machines. In the project the
Sun Virtual Machineis used. The softwareis available in the public domain via «Java
Runtime Environment», version 1.30 for Windows, Linux and Solaris platforms.

5 User interface, simulations and predictions

In this section, the main user functions of iBE will be described. As mentioned in
the preceding section, one of our major concerns vas to realize an easy-to-use,



friendly and intuitive interface. In fact, this feature is important for novice users that
are not necessarily familiar with a computer environment.

5.1. Trading advice

Once the iBE system is correctly installed, the user may select his or her stock and
visualize the stock and market behaviour. In Figure 3, the Alstom daily closing prices
and the CAC40 index are displayed with information about signals generated by the
Alstom trading expert (a red circle indicates a “Sell” signal, a green one points to a
“Buy” signal). Below the diagram, iBE visualizes the daily quotes, the user decisions

(columns with a yellow background), and the trading advice (columns with a blue
background).

In the trading process, the user may act upon the expert advice, or he can make his
own choice. The iBE system provides al information related to the user and expert
decision, in particular the capital available each day, the number of stocksin hand and

the total wealth. The user can perform more than one simulation at a time and save
results for future analysis.

The generated experts have demonstrated a very good performance level on most of
the financial time series. The global return on investment on 40 chosen stocks over on
the testing set (Mai - July 2001) was in most cases better than the Buy-and-Hold
strategy. On average, the percentage of correct decisions was about 65% but this
measure has not been taken into account in the fitness function. More detailed evalua-
tion of stock trading using genetic algorithmsisgivenin [12].
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5.2. Simulation of trading rules

The decision rules have been written into the knowledge base. In the simulation, the
rule base contains 350 specific decision rules, generated from 80 generic rule tem-
plates. Of course, the user may use not only other structures of financial data but may
also define his own set of decision rules. You can simulate any trading rule on the
securities you choose. To provide easy-to-understand information about rule per-
formance, the user may visualize the trading signals generated by a given rule over
the whole period of atime series (Figure 4).

One of the interesting features of the system iBE is that the user may interactively

modify the rule parameters and analyse the rule performance. Charts and rule deci-
sions can be shown with ease - all with just one click.
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Figure4. Trading decision generated by therule « Performanceand EMV »

5.3. The experts and their performances

The generated experts can be evaluated according to various criteria. Once a
trading decision has been made, the user may evaluate a given expert over a
defined period and compare the result with his trading strategy. The iBE system



provides interactively essential information about the gain/risk factors, namely
the return on investment, the daily return, the semi-variance, the standard devia-
tion, the percentage of correct/incorrect decisions, the maximal loss, win/loss
ratios, etc. (see Figure 5). This information is not only very useful in stock trad-
ing but also in estimating the quality of generated experts.

The genetic algorithm has a time-complexity linear with the length of the chro-
mosome (the number of applied functions), the size of expert population, and the
size of the time series. In the validation process a great number of genetically
evolved models based on the different financial rules have been generated. The
knowledge base, composed of over 350 decision rules concerning technical and
economical situations, was used to generate approx. 250 000 experts for each
stock to select the best one.

Computer time and cost were not critical issues. The learning and testing was
performed on a Pentium 111 1,2 GHz platform. Execution times to obtain satisfac-
tory experts ranged from 4 to 6 minutes.
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Figure 5. Expert evaluation

6. Conclusions

In this paper, the architecture and technology used to build the stock trading
system have been presented. To generate trading decisions, the system applies
genetically created trading experts. The powerful functions and easy-to-use inter-



face help to take trading decisions, to manage financial time series efficiently, to
simulate trading processes, to rank securities and find the ones that will work best
with a given set of trading parameters. The approach has been validated on real-
life data extracted from the Paris Stock Exchange database [12].

The genetic algorithm was able to prune effectively the very large search space,
i.e ° solutions for a 350-bits chromosome representation. Research results
demonstrated that genetically evolved experts were able to trade much better than
the gradient-based and the wavelet-based models. In contrast to gradient-descent
algorithms, the genetic models are robust and are not trapped in local mnimums.
The genetic algorithm, in comparison with various statistical approaches, does
not require restrictive assumptions such as stationarity, homogeneity and normal
probability distribution of the trading variables concerned. The generated experts
have simpler structures and are composed of relevant decision rules. Further-
more, in comparison to many other forecasting methods, the genetic algorithm is
also capable of finding out the size of a sliding window, determining how far
back in time the input sequence is correlated with the next prediction.

The database technology has assured efficient access to time series and gener-
ated expertise. Compared to the previous version of the system
(http://www.bourse-experts.com), iBE, in addition, offers easy access to times
series and trading experts, new graphic tools for trading simulation and rule
evaluation, and a searching engine providing the latest financial news.

Currently, our research continues to investigate three areas. From the empirical
point of view, our approach needs to be tested on other markets. More precisely,
order driven or price driven markets may have different characteristics relative to
technical trading. The second, more important orientation, is the application of
genetic algorithms to intraday data. A trading prototype based on high frequency
data using genetic algorithms will be available by the end of this year. The third
area concerns portfolio management using evolutionary strategies:. a paper is
submitted for this conference.
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