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CHAPTER 1

INTRODUCTION

1.1 Motivation

Portfolio management is a critical financial task, in which stus try to select an
optimal portfolio to maximize their profits and minimize theks. The conventional
portfolio theory and models which originated from Markowitz haveedelnostly on
mathematic models and included only quantifiable objective variableMarkowitz
portfolio theory, he proposed “mean-variance criterion” for s$lgcan optimal
portfolio. In other words, when we assume the risk is fixed, it miaes the rate of
return; or when we assume the rate of return is fixemhinimizes the risk. Because of
the time and cost requirements, the performance of this modevsmyatttractive, and it
is not broadly accepted by the market. The Langrangian objdcination can apply
differential to obtain weights of portfolio, but differential cannondia inequality
constraints. Another tool is quadratic programming method, which wigéetiential also
and it can solve the effective and quantifiable problems. However, thieequadratic
programming tries to seek an efficient portfolio, so many paesevith very wide
range of values can vyield unpractical results [1]. To overconsestibriness, Sharpe
developed a single index model, which can simplify the portfolicamee of the

guadratic programming method and determine the weights of effipmmfolio. This



method has assumed that the interrelations of returns of stoeksubsequences of
random factors and market factors, but in this model, the inappepakdction of index
will cause misunderstanding.

The obvious limitation of above conventional portfolio model includes [4]: 1.
only linear portfolio problem can be solved. 2. Computer procedures andeparsuare
too complicated and too many assumptions needed. 3. The influence egriabl
portfolio cannot be used flexibly. The characteristic of tirmges and nonlinear plus
unpredictable chao systems in the financial market cannot be gchalad achieved by
any conventional analysis method. Consequently, the research workupitigs genetic
algorithms to select portfolio.

1.2 Simple Genetic Algorithms

Genetic algorithm was first illustrated by Holland in 1975 [R]adopted the
concept that only the strongest individual survives in an environment framirDa
natural selection theory. Holland’s algorithm was commonly cadiedple Genetic
Algorithm, in which a string of characters is applied to satelichromosome of living
things. The fitness value of each chromosome is computed to evatuatiattability to
the environment and determines how many offspring the chromosomieawalin next
generation. Certain operations will be applied on each gemettatimaintain the variety
and the creativity of each generation. Thus, the working of th® &®& be summarized

as Table 1.1:



Algorithm GA,;
{
Initialize population;
Generation :=0;
Repeat
Generation = Generation +1;
Selection (population);
Crossover (population);
Mutate (population);
Until Termination_Criterion;

Table 1.1 Simple Genetic Algorithms
This SGA has the following components [2]:
a population of binary strings,
a mechanism to encode the solutions as binary strings,
control parameters,
a fitness function,
a selection mechanism , and
genetic operators(cross over and mutation)
The classical GA processes as follows [2]:
1 a population of chromosomes (strings) is created.
2 the chromosomes are evaluated by a defined fitness function.
3 some of the chromosomes are selected for performing genetic operations.
4 crossover and mutation are performed according to probabilities.
Table 1.2 shows a generational cycle of the genetic algoriithsa population
of four strings with 10 bits each. The fitness function perforfant the number of 1

and divide by 10” to normalize the value to the range of (0, 1).
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11
12
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12
13
14

Population 1:

Individua

1010010000
1000011111
0110101011
1111111011

Population 2:

Individual
100001111
0110101011
1111111011
1111111@1

Population 3:

Individual
1000011011
0110101011
1111111011
1111111111

Population 4:

Individual
1000011011
0110111011
1111111011
0111111111

Fitness value
0.3
0.6
0.6
0.9

0.6
0.6
0.9

0.9

0.5
0.6
0.9
1.0

0.5
0.7
0.9
0

In this generational cycle, from Populationl, we obtain that the faustthidual
|, can generate two offspring, and each of thend the 4 can generate one respectively.
Then, | and } form one pair, as well as &nd § from the other pare to perform the
crossover and mutation operations with the probability of 0.5 and 0.p&ctezly,
which means only one pair is crossovered and only two bits ot @ire mutated. In
population3, the pair of,land k has been actually crossed and in population4, the sixth
bit of I, and the first bit of 4 obtain the chance to mutate.

In a typical SGA, control parameters must be specified &eifisr execution

including the fixed number of generation which could be a stoppingriont of the

algorithm.

Table 1.2 Operator of SGA [2]




1.3 Research Overview

There have been a great number of the studies that focused dantlén of
portfolio management or investment strategy using GA related mddekst of these
researches and models have made great improvements in difispexcts of traditional
genetic algorithms, and their performances in rate of reterteated with various stock
markets. As different models obtained their investment return pgtuithin certain time
periods from different stock markets, the capabilities and perfoesanicthese models
and ideas cannot be decided and compared easily. To obtain therfadstxXperience of
how the features and parameters influence the performance of Gdeoiked to design
and implement our own adaptive model to examine the rate of returotlaerdfeatures
of the actual models carrying different alternations and pdeamwith uniform market
data .

The overall goal of this study can be divided into two sections.etie® and
classify some of the typical research achievements on GA dppliavestment domain.
2. Design and implement a general adaptive GA model in C++, semdhe uniform
history market data to evaluate the performance of seleofm@vements that have been
mentioned in literature review section.

1.4 Contributions

e Recent developments on GA applying on portfolio investment field are

classified and compared.

e A conventional GA model facing financial problems has been impledent

object-oriented language (c++), features and parameters afa@/Ae easily



modified. And the model can be redeveloped by users for other i@hanc
problems, such as option pricing problems.
e Based on the conventional GA, an Adaptive model is designed and
implemented for more suitable for the changing environment, and bditle of
models are tested on history market data of a 100 AMEX stock pbel. T
experimental results are analyzed and compared, and a conclusibeemas
drawn.
1.5 Ouitlines of the Thesis
The remainder of the thesis is organized as follows. Chapterawews and
categories the applications of improved GA in portfolio selectioth @ther financial
domains. Chapter three describes the design and architectureresearch model, and
the programming issues of the model. Finally, Chapter four dthevssonclusion by
studying the experimental results, and also discusses the pityti@biimprovement in

future work.



CHAPTER 2

REVIEW OF LITERATURE

2.1 Application of GA in Quantitative Finance

As one of the most popular methods in artificial intelligen@aaGenetic algorithm
has been applied to most of the financial, particularly quamsgtdinancial domains
depending on what the chromosome represents and how the string is coded. The
applications of GA in this field could be divided into four categoripsrtfolio
management [1, 4, 7, 22], investment strategy [8, 11, 13], option pricing [21,]2&)23
financial distress prediction [9, 10, 29], shown in Figure 2.1. The foilpwas briefly

discussed the application of GA in these four sub-areas.

GAin QF

| | | |
Portfolio Investment Prediction of

Option pricin
management strategy ption pricing financial distress

Figure 2.1Application of GA in QF
1) In portfolio management, the most common coding mechanism is to usenamg
bit to represent the decision on one single stock. If ‘1’ is tcessmt the ‘select’, then

‘0’ is to represent ‘not select’. There are also some rekearwhich have apply



natural integers to represent the proportion of that stock in the pmrtidiere if the

value if larger, the amount purchased in bigger [4] [22]. As diffecBnbmosome
stands for different portfolio, the fitness value of each individudldepends on the
performance of the portfolio it represents.

2) Other than binary strings that represent the actual portfoliosttiregs can also be
coded as a sequence of trading rules or strategies. An ideavafgraverages is
frequently seen in theses coding methods [8] [13]. For example,, My M2s, Msg
and Myo represent one certain stock’s average price of last one, fieatyvive,
fifty, and one hundred days respectively, a map can be built frase thee moving
averages to five numbers, as:

M Ms Mz Msg Mioo
YL,
Then one tube of these five numbers, such as (3 4 2 1 5) in buggmabe
interpreted as:
IFNl25 > Msg > Ms > M1 > Mjgg) , Then Buy;
While (5 2 1 4 3) in sell part can be explained as :
IF M100> Ms > M1 > Msg > M3s) , Then Sell;
After coding, a pair of tubes in buy part can be picked up frompaoi@ation to
perform any GA operator as crossover and mutation, so does pair in sell part.

3) Genetic algorithms are applied in the option pricing problems, wkidné of the

most complex financial issues. In these researches, the fiumestsons of GA'’s

simulation are derived from the Black- Scholes Option pricing mmaae the results



from GA model are compared with the exact solution yielded by Black-scbpten
pricing theory [21] [22].

4) Financial distress prediction is another aspect that the GA capgled to. The
researchers from British universities have formed the GA’srasbsome by a list of
financial ratios [9], such as Gross profit margiReturn on net assets (RONA),
Current ratio, and so on. The aim is to select the most infmerfanancial ratios that
can effectively predict the financial distress. A certain nurobéailed or continuous
companies are chosen to form a pool for testing. As the principelezt is to
maximize the contained discriminatory information from thes®sand minimize
their co-linearity, the fitness value of each chromosomaogrdist) reflects its
discretionary cutting down its co-linearity [10]. In other reskas, not only
financial ratios are considered as the evaluating critérimancial distress, but the
corporate governance features are introduced into the GA chromosome coding [29]

2.2 Major Improvements in GA

Portfolio management is an important facet of financial manageamemthich
genetic algorithms and many other Al methods have been appliedGongidering the
limitation and deficiency of the simple genetic algorithm, regesearch works have
focused on the following directions of improvements. In this chaptenwieoriefly
discuss and category some of these studies and improvements.

* |mprovement in crossover and mutation operators [3] [4].
= Combined GA with other methods [5] [6] [7].
= Develop User-oriented GA model [8].

2.2.1 Improved Crossover and Mutation Operators



Crossover and mutation are common used operators in GA to keep andeincreas
variety to the next generation. In simple GA, the randomly picle@dgd chromosomes
will be subjected to crossover only if a randomly generated numlbee range O to 1 is
greater tham,, the predetermined probability of crossover. Otherwise theopairings
remains unchanged. Similar to crossover, mutation is another operttahe role of
restoring lost genetic information. Also, a probability of mutation, dzhdy pm will
give the probability that whether a bit will be flipped or not.

As the selected probabilities of crossover and mutation dffecefficiency and
quality of the generation evolvement, improved crossover probapilignd mutation

probability p,, have been proposed as follows [4].

p. = kl Sin[(ﬁ/z)(fmax - fh)/(fmax - favg)] ’ fh > favg (2 1)
¢ kz, fh S fan -

P = k3 Sin[(n/z)(fmax - fh)/(fmax - favg)] ’ f > favg (2 2)
m k,, f< favg '

favg IS the average fitness value in populatiopax s the highest fitness value of
the population; fis higher fitness value between two individuals which will wanut
the crossover operation ; f is the fitness value which will carry out the mutaticatioper

In this new improved GA solution, the selected parents who have bedomly

assigned into groups will form their offspring by generating $pecific digit as

following:
Xa(i) = cPu(i) + (L—c) P2(i) (2.3)
X2(i) = @—c)Pa(i) + cP(i) (2.4)

Where P4(i), P2(i) areith digit of the two selected parentxy(i), Xo(i) are the
offspring of these two parents , while c is a random number in(@,1)is improvement,

10



the crossover and mutation probabilities are changed based on theostdtesentire
population, the larger probabilities will be imposed on population whosesditvaues
are less diverse. The new solutions of selection, crossover andomui enhance the
robustness of the new population.
2.2.2 GA Combined with Other Methods

(1) Genetic algorithms in multi-stage asset allocation

Single period asset allocation model possesses limitationsideeds risk is
inconsistent from time to time. Thus, the multi-stage investmenisidecmodel is
developed to capture dynamic aspects of asset allocation problent f@anages
portfolio in constantly changing financial markets by periodicajocating and
rebalancing the portfolio leading to optimal portfolio.

In multi-stage asset allocation model, investment decisiansnade at each of
the periods as t = {1, 2, 3,...,T} of the entire planning horizon T. A grapba=ahario
tree can visualize the optimal dynamic balanced investment strateggskdrallocation.
Two researches from Taiwan have depicted a scenario treéwaitecenarios and tree

time periods as Figure 2.1.

Figure 2.1A Scenario Tree [8]

11



In this model, the probability of the occurrence of each saean be generated by
historical statistics or any forecasting system. The oerigriables are the allocation of
various selected assets under different scenarios over the planniagnhcdfhese
decision variables are encoded in a chromosome for GA implenoentadieneric
Algorithm is used as a portfolio optimizer to optimize assketcation under different
scenarios over different time periods.

(2)Combined GA model with fuzzy set

Recently, the traditional methods combining with intelligent meth{slich as
Genetic Algorithm, Genetic Programming.) have been applied to solestment
decision problem. Among those approaches, many combine the fuzzyodesish
Genetic Algorithm, ([6], [7]). The processes of constructing tham®bining models
usually include following steps. First, to earn the maximutarmewith minimum risk

rate in portfolio selection, the multiple-objective optimum is described as:

Objective 1 : max Ef) = max Ef,) =X'R rp= Zn: Xifi (2.5)
Objective 2 : mia” (rp) = X'Y.X - (2.6)
r=(ry, r1,....1)" is investment earning rate vector of each stock;
R=(Ry, R,...R)" is expect vector of earning rate veatpr
X= (X, %, ....%)" is investment proportion vector of portfolio;
Y. = (oi)nx n Is the covariance of earning rate vector r,
wherey; = Cov(r,), i,j =1,2,...,n

Then, multiple-objective is converted into the fuzzy multiple-objective secmodel:
Min F(u, X) = (¢ (re) = (L~ ) E(rs)) (2.7)

stE'X=1

12



Xj>0,j=1,2,...,n
Where: B) =X'R and ¢° (rp) =X'¥X;
0<# <1, show that if#is larger, investment is unwilling to receive risk
Finally, the optimal solution of Portfolio investmtemodel is obtained by using Genetic
Algorithm. Use fuzzy chromosorve= (X1, %2,..xn) for fuzzy decision, where each gene
is a fuzzy set but not a visibility number, and thezy multiple-object function can be
taken to define the fitness function as (2.8):
Fit(F (¢, X) = (4°c*(ro) — A~ 1) E(rp ) (2.8)
At last, the final effective evaluation of eachastment portfolio chromosomé can be
described as follow:
&(X) = Fit (F (u, Xi))/ D" Fit(F (u, Xi)) (2.9)

Then, the general GA methods can continue to sbkvenultiple-objective optimum
problem based on evaluation function shown above.
2.2.3 GA on User-oriented Model

Some studies focused on developing complex methadsed on GA to better
reflect the financial market, while another waynake these models more practical is to
consider preference and requirement of investor®ngA with this direction, the
researchers from Hong Kong develop a user-orientegst decision making model [6].

The major improvement of this user-oriented pdidfselection model is to make
the portfolio decision according to the user’s prefice and recognition. As the fitness
function serves and represents as the environmergeperations evolvement, the
researchers design a new fitness function, showB.48) in which there are 5 influence

variables, and 3), 4) represent the users’ req@nii]:

13



1) Sharpe index:  Assesses investment combmaterformance according to
the unit risk size of rate of return
2) EPS: Earnings per share
3) Industrial categories
4) Industrial finance capability
5) Numbers of stock combine
Combining those five influence index, thediss value of this model is shown as:
Fitness function = a* Sharpe index + b*EPS* stock combination number
+d*industrial categories + e* Industrial financepaaility (2.10)
2.3 The Alternative of GA — GP
Genetic programming is a very close related Al méttwhich has been considered to
belong to GA by some researchers. It has also bsed in quantitative finance fields as
what GA does, such as investment decision [13],[@@§ncial predictions [15] [16]. In
normal GP models, the candidate solution is repteseas decision trees, while it's
represented as a binary or integer strings in G4allys The principle of evolvement of
both are very similar, which is reflects the idkattonly the best fitted individuals (trees
in GP) can survived to the next generations. Mapplieations of GP have been
combined with neural network and some of which a@sdled Genetic network
programming. In those models, the GA’s operatohsagcrossover and mutation are still
performed, but the evolvement of the candidatetmwius in the form of a network [26]

[28] [32]. As GP or GNP is not our research targeg,will not introduce them in detail.
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CHAPTER 3
ADAPTIVE GA MODEL
3.1 Conventional GA Model

To study the capabilities of GA in solving real Iplems, we construct a stock
selection system and compute the Rate of Retutimegbortfolio generated by GA model.
Before the construction of the adaptive GA, theidanventional GA has been
developed and applied to the portfolio problem, had set up the fundamental parts for
the more complex adaptive GA in the next section.

In the conventional GA model, the initial populatiwill be generated randomly,
and the population should evolve towards increaiiedfiitness function value. Based on
previous research work, one fitness function wallapplied at first, and to yield the best
returning rate, a few of potential fitness funcamight be tested and compared later.
Also, the length of chromosome and the size ofpbygulation will be flexible to adopt
alternation. A stock pool which includes the higtdata of 100 major US stocks will be
used to test the GA model for the portfolio set@tti The design of this conventional GA
model is shown in Figure 3.1.

Transfer the real problem into the form of GA ilwes the problems of how to
encode, select parameters and create the evolueoement. Therefore the model of
research and design component is stated in dstéllaws:

a. Encoding: we use a binary string to represent ambsome, and each bit

represents whether the stock will be selected arX@® major companies traded

15



in AMEX will be the candidate stocks to be selectduis the length of the

chromosome is 100.

Training data Test data

J

Initialization of random

population Generation 0 Generation 100
Fitness functio Evaluatior ROI Results

Figure 3.1 Design of Conventional GA Model

b. Selection Mechanism: As the GA population evolwég, chromosomes which
have better fitness to the environment obtainetdrighance to be selected to be
in the next generation. TheR,is the probability of theith chromosome to be

selected as the parents in the selection process.

p. = Fitness(C;)
L= S Fimocelr
Y, Finess(C;)’

i =1,23..popsize

c. Crossover and Mutation: We use Two-point crosstwéncrease the diversity of
the population. Both crossover and mutation areraipd by a pre-determined
rate.

d. Fitness function: As in this research, the godbi$ind the optimal portfolio for
investors, which should include the most valuabtecks for investment.

According to the financial theory that the price stbck fluctuates around the

intrinsic value of the stock, which can be simpingated by the average price

16



during certain past period, we use the ratio betwbés average price and the
price of the purchasing day to represent the imvest value. The larger this ratio
is, the more investment value the stock possedsEsguse comparing to its
potential value, the stock seems to be at a relgtiow price. In this model, we

consider this period as 256 days (around 1 caleyekar), and the fithess function

can be presented as following:

stock value ratioR; = @ x100% j=0,1,2..N (chromosome length)
0

Pavgj: the average price of past 256 days of stpck
Po: the stock’s current price ;

Then, the fitness functionith chromosome:

i
N Pavej

j=0 i
Fitnegg(i) = g Po /N, i=01,2, ...,POpSiZ@

N: chromosome length, in thiseagh target, the chromosome length is 100.
N’ : number of selected stockfiiness value, only the selected stock added.

The setting of testing parameters of the conveati@A is shown in Table 3.1.

Parameters Numeral
Chromosome Length 100
Population size 60
Generation 100
Crossover rate 0.65
Mutation rate 0.05

Table 3.1Conventional GA Parameters

17



3.2 Construct of Adaptive GA Model

In the conventional GA model, the selection of tmatfolio will be highly
influenced by two factors: 1) stock prices of they dhat we make the portfolio; 2) the
average stock prices of the last 256 days, whicanséhat when the GA population
evolves, it only evolves to fit one constant eneiment. As in the stock exchange and
other financial markets, the circumstances are gihgrnvery fast and randomly. To place
the working GA population into a continuously chemggenvironment and select better
portfolio, we design an adaptive GA model, or chbéding-window GA model.
3.2.1 Use of History Data

In this research, 100 stocks from AMEX will be usedthe experimental data to
test our models. In the conventional GA model, dach stock, only the purchase-day
price, and the average price of 255 days beforg@tinehase-day needs to be gathered to
compute the fitness of this stock and this GA imdlial (one expecting portfolio), and
also the price of the selling-day will be obtaintedcalculate the profit that this stock
earns in a certain period of time. In adaptive ®#&, start gathering the data one year
before the purchase-day. For example, if we needtke portfolio on the date of Jan-01-
2006, for conventional model, only the price oktbay and the average price of the past
256 trading days (one calendar year) will be cared, and after 100 generations
calculation and evolvement, the model will yieldedrsest portfolio for this particular day
(Jan-01-2006). While in the adaptive model, thstfogonsidered purchase day will be
Jan-01-2005, one year before the actual purchagseadd a number of generations will
be generated based on the price of this day andge@rice of the past 256 days. Then,

the GA population will continue to evolve not basedthe same data, but based on the

18



price of the first day of each month, and the 2&@-dverage price before that, as shown

in the Figure 3.2.

Date Price other

| ProfitCaIcuIate{j> 1-Jul -06 | 5.17
Tvan05 | 6.23

1-Dec- 05 5.45
1-Nov-05 | 7.34

GA Start 1-Feb-05 | 512

1-Feb-04 | 454

Figure 3.2 Data Application of New GA

3.2.2 Two Phase of Evolvement

In the Adaptive GA model, the population evashent process can be divided into two
consecutive phases. In first phase, the GA perf@srs conventional GA, using the same
segment of data, and evolves a certain numberradrggons; and the yielded population
from phase one will be the starting population ledge two. During the second phase, the
population will only proceed 10 generations wite #ame segment of data, and then one
month of new data will be included in, while thetal@af the earliest month will be
discarded. As the fitness value of each GA indialdwill be computed by different data

segment, the GA population will be evolving in anttouously changing environment,

19



and should generate the individuals that are mtinegfto the new information. The two-

phase process of the sliding window is shown inuFa@.3.

Z‘E 10 Gen
. 40 Generat
Initial d
Population
‘ Final
1-Feb-05 - Population
1-Mar-05
1—Apr—(F
Phase 1 1-May-05 Phase?2 1-Jan-06

v

Figure 3.3 Two Phase Process of Adaptive GA

3.2.3 Make a Portfolio from the Final Population

In the previous work, we usually pickeohest—fitted individual from the last
population of the GA and select the stocks thatesented by ‘1’ in that individual. The
weakness of this method is obvious because theabi@uinformation in the other
individuals of the final population will be rejedteAlso it is unworkable for a real
portfolio selection that the number of the seledttks can possibly vary from very few
to one hundred. Thus, to construct a portfolio enefficiently from the last population,
we accumulate the number of ‘1’, which represenésselection of each one stock, from
each individual of the entire population for evetgck, and select the best 10-15 stocks
which have the biggest number of ‘l’'s to constraat portfolio. This process is

illustrated as the Figure 3.4.
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N
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(1 10d8010§101000100...
0108 1010010100101...

11011.. G8100101000...

60 Individu?s
011§101@10100D10...

\_|__ 00di101@0101010010...
Best 10selec> . .31 .14 ... 16.....

Figure 3.4 Select Portfolio from One Population

3.3 Programming Models and Method Selection

In programming model, two class, individual and ylagon are defined in c++ to

represent the population and the chromosome. Ioléss of individual, there are 3 pubic
members and 5 public functions. In the class ofupaipn, 5 public members and 10
public functions are included. The initial popudat will be generated by random
function. The operation of crossover and mutationeach generation also relies on
randomly generated numbers. In the model developnseweral key features require

practical adjustments.
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class Individual { class Population {

public:
, public:
string chromosome ;
_ int generationRandom;
int chromosomelength ;

int popsize;
double fitness; \ _ Pop
int chromosomeLength;
o float aveFitness;
void init();
o vector<Individual > individual;
Individual() ; o o
. Population(int pop_size ,int chrom_length);
~Individual() ;

_ ~Population();
double getFitness() ; ) . i
void printPopulation();

void getFitness(float [][10], float[][10], int month);

void selection();

void setFitness(double fitness) ;

void output();
¥

void crossover();

void mutation();

int getLargest();
float get_Profit(float [][10],float[]);

void getGenerationRandom(int Generation_randony);

Table 3.2 Definition of Classes
1) Initiation of the population.
To randomly generate N chromosome as the origiopulation, the common idea

would be as following:

for(i=0; i<=popsize; i++)
{
individual_a. init();
population.add(individual_a);
}

Table 3.3 Population Initiation

22



In real experimentsbecause of the limitation of theomputer generaterandom
number.if generation time of these individuals are witlene seconcthe program will

generate exactlyame chromosome each single 1, such as Figure 3.5:

Individual 1 : | 1000111010010110001101011

Individual 2 :

Individual 30: | 1000111010010110001101011

Figure 3.! Initiation of First Generation 1
To solve this problem, we needgenerate a long random binastyingin one time, and
divideit into N parts, each cwhich has the chromosome length ofWdhile N equalso

population size, asigure 3.t.

Individual 1 Individual Z Individual &

1100101011110001010010100...01011101011101000100010010100....

Figure 3.t Initiation of First Generation 2
2) Implementation bselection, crossover and mutal
a. Selection Methoc
After decide how to encocthe portfolio and initiation of the first generatic
the second decision toake is how to perform selectiofihe selection methc
determineghe principl¢ to choose the individuals in the population thdt ereate

offspring for the nexgeneration, and o many offspring each will produc Since
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the goal of the selection is to increase the apear of the fitter individuals in the
population, the selection has to be well-balandesh strong selection will cause
the highly fit individuals to take over the popudet and reduce the diversity for
future generation, while too weak selection catiseslow evolution.

Two popular methods are implemented and testekisnodel. First method
is Fitness-Proportionate with “Roulette Wheel”, which each individual is
assigned a slice of the “roulette wheel”, with e of the slice being proportional
to the individual’s fitness. Every time the wheeglspun, the individual under the
wheel's marker is selected to be in the pool oepts for the next generation. There
will be N times of spin, where N is the size of @pulation. The size of the slice

for each individual is equal to the probability ttttme chromosome produces its

Fitness(Ci)

————— . This method is shown
Y, Finess(Ci)

offspring, which is decided by functiof; =

in Table 3.4.

sub_sum =0;
for(i=1; i<=popsize; i++)

individual[i].lower = sub_sum;
sub_sum +i;
individual[i].upper= sub_sum,;

}
for(i=1; i<= popsize; i++)
{
rli]=(rand()%2100)/100.0;
if (individual[m].lower < r[i] < individual[m].uppe)
{
select individual[m];
}
}

Table 3.4 Fitness-Proportionate with “Roulette Whee
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The other selection method is Tournament selectiothis selection method, two
individuals are randomly chosen from the populatanmd again a random number
between O and 1 is then generated to compare wite@determined parameter
(for example,c= 0.85). If r <c, the fitter individuals is selected to be a parent
otherwise the less fit one is selected. The two then return to the original

population and eligible to be selected again. Blinet3.5 describes this process as:

for(i=1; i<= popsize; i++)
{
rli]= (rand()%100)/100.0;
k =rand()% popsize;
m = rand()% popsize;
if (r[i] < ©)
select get_larger( individual[K].fithessndividual[m].fitness);
else
select get_smaller( individual[k].fitnessndividual[m].fitness);

Table 3.5 Tournament Selection

b. Crossover

After forming a new population by selection pregeghese new parents are ready
to be performed the operator of crossover. In oadeh a two-point crossover is
applied to add the diversity of the populationsEiiN/2 pairs(N is the number of
individuals) of parents are randomly selected aritd probability Pc(typically 0.6-
0.8), each pair performs crossover to generate offspiimgwo-point crossover,
two positions are picked at random again and tlggnsets between them are

swapped, as shown in Table 3.6.
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for(i=1; i<= num_pair; i++)
{
k =rand()% popsize; /I No retpelak
m = rand()% popsize; /[ No repéan
rli]= (rand()%2100)/100.0;
if (r[i] < Po)
{
start_point =rand() % chromosaneth;
end_point =rand() % chromosomelength;
for(j = start_point ; j<=end_point ; j++)
{
Exchange individual[k].chmosome][j]
indiviaifm].chromosomej]
}
}
}
Table 3.6.Two-point Crossover
c. Mutation

The mutation operation is very similar to thessover. By the probability of
Pm each bit of the individuals can be operated. lestbtal number of bits in one
population is large, the probabiliBmis around 0.05, which means 20-40 bits will

be flipped by each mutation.
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CHAPTER 4

EXPERIMENTAL RESULTS

4.1 Test and Results
To test and compare the performance of both tneerdional and adaptive GA,
We conducted four series of experiments in differ@spects 1) How does the fitness
value evolves along with the generations; 2) Hovesdthe operators affect on the
performance of GA; 3) The relationship between pnee of single stock and the
investment volume on it; 4) Comparison on Rate etu/ with conventional and
adaptive GA.
1) Fitness value— Number of generation
This is the basic functional test of a GA model] are prefer to know both overall
performance and best evolving result. Therefore fireess values need to be
tested, which is a) average fithess value of pajuiab) the best individual fithess
value. Figure 4.1 and Figure 4.2 shows that in loothventional and adaptive GA
model, the average fitness value increases morethigdhan the best individual
fitness value, which indicates that the overalidiés of the population moves well.
The best fitness curve is less stable, showing thatrandom crossover and
mutation may cause the unexpected increase andcadecrof the best fitness

individual.
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2) Operators— Fitness value
Figure 4.3 shows the comparison of the two csiele methods. The results
indicates that the method of Fitness-Proportioneth “Roulette Wheel” works
better than method of Tournament Selection, whichremdepends on the

generation of the random numbers.

Fintss Value vs nth Genraion
1.8
1.6 15
o 4 1 T .62
= - 1.36
14 1.
> 1 f 1% 1.281.3 _
& 12 1.2 ) ; Ave Fitness
E ’ 1.(052 713 1.17 1.19 1.2 Best Fitness
1
0.947
0.8 T T T T T T T T T 1
0O 10 20 30 40 50 60 70 80 90 100
# of generation

Figure 4.1 Conventional GA- Fitness value Vs # eh€ration

Fintss Value - nth Genraion
1.6
L5 14 e /15‘%4
' ﬁr—;' 1.49
v 14 s \ 1 144
E ' 185
S 13 1 1.27 1.28
ﬁ 1.21 p 1.2 1 Ave Fitness
c . N .
2 11 3 16 Best Fitness
1
0.954
0.9 T T T T T T T T T T T T T T 1
O O O O O O O O O OO oo o o o
# of generation

Figure 4.2 Adaptive GA- Fitness value Vs # of Gatien
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Ave Fintss Value vs selection method
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Figure 4.3 Fitness value Vs # of Generation
3) Comparison on Rate of Return between two type ofn@lels
In this section, we run the test five times forhbobnventional GA and adaptive
GA respectively, from each of which, 10 stocks weekected, and the overall Rate
of Return was ranked and compared. In order tduatathe performance of the
models more effectively, the natural Rate of Retfrthe entire stock pool, which
means investing equally in each of 100 stocks, alae computed. The result

shown in Table 4.1 indicates that the adaptive @Agosmed much better in Rate

of Return.
Ranking Conventional Adaptive GA % Improvement
GA %

1 27.4 334 21.8%

2 17.2 325 30.8%

3 9.1 28.6 201.6 %

4 8.6 12.4 44.2 %

5 3.7 10.1 173.9%
Average 15.08 23.24 54.8 %
Natural 10.2 10.2

Table 4.1 Results on Rate of Return
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4) Price of single stock and popularity of one stock

As the fitness value of each stock is decidedPRys/Po, the ratio of the 256-day
average price of the trading day price, we neddaitk that how much of the stock
price trend can affect the popularity of the stoekich is in one population the
number of individuals that has put the stock asetde If we also consider this
number of popularity as the amount of hypothetarabunt of investment, then a
potential profit of stock can be computed to tgstileather the GA’s decision is
reasonable or not. Three stocks are chosen torpetfos test, each of which has a
different type of price curve. Figure 4.4.1 - 4.4t®ws the results of Stock labeled
‘AAC’, American Campus Communities, indicating thée popularity of this
stock in one population increases as the evolveofeggnerations because its price
decreases. Thus the potential profit goes up aldtigthe GA’s evolvement. The

actual selling price of the stock is $0.43, whiston the date of 1-July-2006, half

of year later.

Price curve of 'ACC'

0.9

0.8

(®]
=07 9

[%]

9 0.60 2
E s N\ osa
~V. .
2 0.}6/ 5 0,44 —— price
©0.4
o 0.36

0.3 0.31

0.2 T T T T T T T T T T 1

$85252238¢88%8

Figure 4.4.1 Price curve of ‘ACC’
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Popularity of the stock as GA evolves
50
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Figure 4.4.2 Popularity of stock of ‘ACC’ as GA dwes. The
figure shows that by the month of February, the @4 evolved
40 generations (Figure 3.3), and the popularitihefstock is ‘9’,
which means there are 9 individuals in the’ 4@eneration that
has put ‘1’ on this stock. After 110 generation®legment (10
generations each month) , the popularity of thekstose to ‘40’.

Evolution of potential profit as GA evolves

Wi

Mfé‘K 7
0M7

0.36

0 :
ons 02 -0\
-1 M7
1 —— PROFIT
2 198

iz
-2%1

Profit

O - = >c S watv > 9 c
v 8 2 m®m 5 2 5 0 Q8 090 ©
LS <s S g w»n Oz =

Figure 4.4.3 Evolution of potential profit of ‘ACCThe figure
shows that if we consider stock’s popularity as difiptical
amount of investment, the potential profit increaas the GA

evolves.

Figure 4.5.1 - 4.5.3 shows the results of Stocklkd ‘DMC’, Document
Security Systems, indicating that when the pric@aases sharply, the popularity

of this stock goes down, meaning that the purclofsleis stock is not suggested,
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and it will not appear in our selected portfoliovesll. The Stock labeled ‘ABL’

(American Biltrite Inc) has shown more random feesuof GA. As the price is
relative stable, the responding popularity suggestye GA is stable with small
amount of random noise; the hypothetical profintfiectuates from negative to

positive, depending on the stock’s selling pri¢even in Figure 4.6.1 - 4.6.3.

Price curve of 'DMC'
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Figure 4.5.1 Price curve of ‘DMC’
Popularity of the stock as GA evolves
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Figure 4.5.2 Popularity of stock ‘DMC’ as GA evadveThe
figure shows that because of the sharp increaeedtock price,
the popularity of this stock goes down from ‘42" ‘8 as GA
evolves, then the stock ‘DMC’ will definitely bejeeted from

our portfolio.
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Evolution of potential profit as GA evolves
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Figure 4.5.3 Evolution of potential profit of ‘DMCThe figure
has testified the GA’s validity by showing that thetential
profit of this stock goes down from ‘164.2’ to ‘48"

Stock price curve
14
13
o 1 12.1
> 12
= 25 11, :
211 11.28 11:35—34109
> / '
£10 94
~ .
g 9 9.05 price
= 8
7
6 T T T T T T T T T T 1
o S & > c 5 W a = > 0 o
£3&823°28328¢S

Figure 4.6.1 Stock price curve of ‘ABL’
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Popularity of the stock as GA evolves
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Figure 4.6.2 Popularity of stock ‘ABL’ as GA evokeThe figure
shows that because of the relative stability oégrithe popularity
yielded by GA move randomly up and down, which cade that
GA is not perfect in evaluating one single stock.
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Figure 4.6.3 Evolution of potential profit of ‘ABLThe figure
indicates that GA’s theory and model still hasraadomness

and limitation as well.

4.2 Conclusion and Future Work

In this research model, we designed and implerdetite conventional GA model

first and then proposed an adaptive GA model testtant a financial portfolio out of a
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100 stock pool. The experimental results show tinatalgorithm runs correctly and the
population moves to the directions of increasingfitness value. Generally the adaptive
GA has shown better overall Rate of Return thanctreventional GA. When we track
the popularity of a single stock along with the @imeriod and the generations, we find
that the popularity of stock increases as the pgmes down normally, and vice-versa.
This shows that the basic idea of the stock selgdias been realized by this adaptive
GA model. In our future work, improvements and erdanments have to be made in
following aspects:

1) The relatively small difference between the 256-degrage price and the trading day
price of stock results in the slower movement @& fiiness value, indicating that
some other fitness functions could be applied asted.

2) Since the adaptive GA that we implemented is onlgdapt the price change of each
stock, and make modification of the fitness valfi¢he each individual, but not the
algorithm itself. The work on this direction shouloe very interesting and
challenging.

3) This GA model can be applied and redeveloped itt@rofinancial area, such as

option pricing and financial distress predicting.
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