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Abstract: The aim of this study is to help finance practitioners/researchers with the portfolio problem, which
deals with simultaneous risk minimization'return maximization as the objective. This paper proposes a new
approach based on the recently introduced Imperialist Competitive Algorithm (ICA) - a novel optimization
algorithm nspired by socio-political process of imperialistic competition - to resolve the portfolio problem.
Security's weights are represented by “countries” and manipulated for optimization Its performance is
evaluated using real market data. An ICA-based portfolio is selected from Tehran Stock market; thereafter, the
portfolio 1s applied to the market for a six month period - the “test period”. The results indicate the ICA-based
portfolio has a better performance in contrast to #he market portfolio. Tt outperforms the return of the market
portfolio often during the test period. The approach is shown to be efficient; it can locate the solution in
complicated/large search space of the real market with fast convergence speed, constant iteration number/time
and never misses the optimal solution even when run repeatedly. The parameters of the proposed approach
are calibrated throughout paper; the parameters that are consistent with the problem are reported. The approach

effectiveness is proven; the results indicate it can consistently handle the practical portfolio problem.
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INTRODUCTION

Contrary to the growing use of portfolios and in spite
of the rich literature on the subject, there are some
problems and unanswered questions. The rationale for
stock market diversification is that the overall risk from
owning many stocks 1s lower than the risk of holding a
few stocks [1]. n a metaphor “Money is like manure -
when it stacks up, it stinks; when you spread it around,
it makes things grow.” Texan Clint Murchison, Sr., one of
the wealthiest investors ever.

Effects of diversification on risk reduction have been
studied extensively [2-4], but the importance of portfolio
management lies not in the number of holdings, but rather
mn both the nature and degree of the combined risk of the
underlying stocks [1,2] has shown quite dramatically what
can happen when one considers both the nature and
degree of risk in portfolio composition. He reported that
a portfolio containing only 11 securities, which were
carefully  selected  for  thewr  rnsk-diversifymng

characteristics, would be less risky than a portfolio of
2000 securities, which were selected without regard to
risk! So the question i1s how should investment risk be
considered? Furthermore, once it is considered, how
should portfolios be optimized? This paper intends to
summarize the answers to the above questions efficiently
and also to make new viewpoints on the answers to the
second question

Modem portfolio theory (MPT) takes its origin from
the pioneenng work of Markowitz. Since Markowitz's 1952
revolutionary article on portfolio selection [5], there has
been many contributions to this important field of
financial studies and within last 60 years considerable
progress has been made. Markowitz’s work has
permanently changed the course of investment-related
thought. Before Markowitz’s article, it was more or less
taken for granted that the proper way to comstruct an
investment portfolio was just to select the best securities.
It was erroneously assumed that this techmique would
maximize the expected return of the resultant portfolio.
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Without the benefit of Markowitz’s insights, dangerous
homilies such as “put all your eggs in one basket and
watch the basket!” still prevail [6].

The origmal Markowitz model of portfolio
selection [5] has received a widespread acceptance and it
has been the basis for wvarious portfolio selection
techmques. Markowitz model has received remarkable
attention of math and computer science experts, because
finding the optimum seclution to the model equations has
always been a challenging issue. Traditionally, the
portfolio selection problem has been handled by trial and
error or via classic approaches, also referred to as
like
programming”. In the past decades, more reliable

gradient-based algorithms, “quadratic
methods based on evolutionary and heuristic approaches
- due to their advantages over their classic counterparts
in portfolio selection [7] have been applied to the problem.
The era of evolutionary computation started with genetic
algorithms (GA), more than three decades ago [8].
Amounts of applications have benefited from the
utilization of GA [9]; as one of the earliest evolutionary
computation techniques, GA and its different types have
been widely employed to solve the portfolio selection
problem (For a list of related researches see [10-13][14, 15]
[16, 17]). Moreover, other heuristic approaches have also
been used to solve the portfolio selection problem with
different criteria (For a list of related researches see
[18-34]).

The GA approach searches for the optima from a lot
of generations of the chromosome-represented schedules
that are reproduced through cross-over and mutation,
without referring to any heuristic rules. The internal
updating mechanism of chromosomes enables GA to
search for the global optimum by escaping from local
optima. Therefore, the GA approach can overcome the
drawbacks of the analytical and heuristic approaches.
Nevertheless, some deficiencies in GA performance,
including premature convergence or slow convergence
process (ie., requiing a large number of time-taking
generations) [35] and the unpredictability of the result
have also been identified [36]. This degradation in
efficiency is apparent in applications with highly epistatic
objective functions (ie. where the parameters bemg
optimized are highly correlated). The genetic operators
alone cannot ensure better fitness of offspring because
chromosomes in the population have a similar structure
and their average fitness are high toward the end of the
evolutionary process [37].

Recently, an optimization algorithm has been
developed based on the simulation of socio-political
evolution processes, Imperialist Competitive Algorithm
(ICA, also known by the name Colonial Competitive
Algorithm or CCA) [38)]. This paper describes and applies
this
optimization algorithm to the portfolio optimization

novel socio-politically  inspired evolutionary
problem. Unlike the current evolutionary algorithms such
as genetic algorithm (GA), simulated annealing (SA) [39],
Particle Swarm optimization (PSQ) [40]; [41] and ant
colony [42] that are computer simulation and mimic of
natural processes’, IC4 uses imperialism and imperialistic
competition as the source of inspiration, a ron-natural
source of inspiration. TCA is computationally efficient and
has a great capability of escaping local optima.

Similar to the other evolutionary algorithms that start
with an initial population, ICA begins with “‘initicl
empires”. Any individual of an empire is called a
“country”. There are two types of countries; colomes and
imperialist states that collectively constitute empires.
Imperialistic competitions among these empires along with
assimilation policy constitute the basis of the ICA. During
this competition, weak empires collapse and powerful
ones take possession of the colonies of collapsed
empires. Imperialistic competitions converge to a state in
which there exists only one empire and its colonies are in
the same position and cost as with the imperialist.

This evolutionary optimization strategy has shown
great performance in both convergence rate and global
optimum achievement. Nevertheless, because it is a
perfectly new method, its effectiveness, limitations and
applicability in various domains are being currently
extensively investigated. Applications of ICA in electrical
and communications engineering problems, which are the
first applications of ICA, mclude - but not lunited to -[43],
which use ICA to design an optimal controller that not
only decentralizes, but also optimally controls an
industrial Multi ITnput Multi Output (MIMO) Evaporator
system, [44] applies ICA to the design of a linear
induction motor, [45] uses ICA for localization in wireless
sensor networks, [46] invokes TCA for Image Clustering
purposes. In the fields of geology and civil engineering,
ICA 18 used for prediction of horizontal peak ground and
spectral accelerations [47] and also the design of skeletal
structures [48]; [49]. Material engineers have exercised
TCA for material characterization [50]. In pure optimization
category, [51] uses ICA to optimize ANN * weights. Also,
Fuzzy time series based on defining interval length 1s

!Artificial Neural Network
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optimized via ICA [52], another application of ICA in fuzzy
systems was for the design of a Fuzzy controller in
vehicles [53]. As an economic application, [54] employed
ICA as a tool for Nash Equilibrium pomt achievement, in
Game theory. Another economical application of ICA was
mtroduced m the simulation of Energy demand based on
economic indicators [55]. Computer science problems,
have also invoked ICA; in order to find the optimal
priorities for each user in recommender systems, [56]
uses ICA in “Prioritized wuser-profile” approach to
recommender systems, trying to implement a more
personalized recommendation by assigning different
priority importance to each feature of the user-profile in
different users, [57] uses ICA for Mobile Robot Global
Localization. Other applications of this novel algorithm
could be found m Industrial engineering and managerial
problems; [58] recruits ICA for solving the offline
scheduling problem with rejection. [59] uses ICA for
solving a bi-criteria scheduling of the assembly flowshop
problem. [60] employed ICA to solve the product mix-
outsourcing problem. Besides, [61] has applied ICA to the
schedule of receiving and shipping trucks in cross-
docking systems. Further, [62] uses thus algorithm for
balancing of Stochastic U-type Assembly lines. The
Dynamic Cell Formation Problem with Production
Planming 15 also solved via ICA [63]. In [64], ICA 1s
applied to Optimize the Huge-Combinatorial problem.
However, to the best of our knowledge, there have
not been any applications of this novel algorithm, ICA, in
financial management/financial engineering problems and
particularly to the portfolio selection problem. In this
paper, an ICA-based approach, which maps the portfolio
problem to the ICA algorithm, 18 proposed for the
with
minimization/return  maximization, as the objective.
Stock weights, are mapped tofrepresented by ICA
countries and manipulated to achieve the optimum

portfolio selection simultaneots risk

ATISWer.

The rest of the paper is organized as follows: In
section 2, a brief review of MPT’s literature is given.
Section 3 is devoted to investigating the investment
selection process. In Section 4, a brief discussion about
function/portfolio optimization 1s provided. Section 5
describes the methodology of this research and presents
the proposed ICA-based approach for portfolio selection,
besides, the data/population for validating the model will
be discussed there. In the next section, the proposed ICA-
based approach is validated and implemented using real
marlet data; i.e. a portfolio is optimized via the proposed
ICA approach using real market data, compared with the

market portfolio and finally, the findings are discussed,
section 6. Eventually, the paper 1s concluded in section 7,
which summarizes the paper and talks about the
conclusions and future works.

Literature Review

Markowitz Model: Modern Portfolio Theory (MPT):
The insight for which Harry Markowitz received the Nobel
Prize was first published m 1952 in an article entitled
Portfolio Selection [5] and more extensively in his 1959
book, Portfolio Selection: Efficient Diversification of
Investments [65]. When published in 1952, Markowitz’s
ideas scarcely took the investment profession by storm.
As with msights from other researchers, his equation-
filled presentation is over the heads of most investors [6].
Markowitz pointed out that the goal of portfolio
management is nof solely to maximize the expected rate of
returry, but nstead to maximize “expected utility ” - setting
complexities aside, “ufifity” can be viewed as beng
synonymous with “satisfaction”. Markowitz began with
the valid premise that all nvestors want a combination of
high returns and low risk. That is, rational investors
maximize their utility by seeking either;

¢ The highest available rate of return for a given level
of risk. Or

¢ The lowest level of available risk for a given rate of
return [1].

One of Markowitz’s most important innovations was
using the variance (or its square root, the standard
deviation) of a distribution of likely retums (possible
expected returns) as a measure of Risk. With his insight,
Markowitz reduced the complicated and multidimensional
problem of portfolio construction with respect to a large
mumber of different assets, all with varying properties, to
a conceptually simple two-dimensional problem known as
“mean-variance " analysis [6].

The calculation of the expected return for an
aggregate of portfolio of securities 1s relatively easy; it 1s
merely the weighted average of the expected return of the
individual securities. Nothing else 1s relevant:

3
E (Rportfolio) = > E(R, )W, (1)
=1
Where:
E (Ryusai) = Portfolio’s expected rate of return,
E(R) = Security i’s expected rate of return,

And W, = The proportion of the portfolio’s wvalue
invested in security 7. [5]

1578



World Appl. Sci. J., 14 (10): 1576-1598, 2011

The calculation of the combined variance is more
complicated. The point to be considered is that the risk of
a portfolio 13 not typically equal to the weighted average
of the risks of its component securities. The risk of a
portfolio depends not only on the risks of its securities,
considered 1n 1solation, but also on the extent to which
they are affected similarly by underlying events [66]. The
mentioned fact, similar affection by underlying events,
actually refers to covariance. More elaboration of this
topic is originated in the definition of the correlation
coefficients. Correlation coefficient is the tendency
between two variables to “go together”. Armed with
mathematical measures, the relationship between the risk
of a portfolio, consisting of # securities and the relevant
variables could be drawn as (2):

VAR (Rpg,grom) :ZZWW Cov ) 2

=1 ;=1
And substitution of parameters from the relationship that
exists
covariance yields to (3):

VAR( poﬁfof:o) ZZ W SRJSR_; (3)

=1 j=1
And therefore; portfolio’s risk is extracted using 4:

between the correlation coefficient and the

I3 I3
ka( portfoho) VAR ( portfofio) _\/ZZWJWi SstRj’}'j

i=1 j=1
(4
Where:
Risk (R, = Risk of portfelio’s rate of return,
VAR (Ryuen) = Variance of portfolio’s rate of return,
VAR (R) = Variance of security 7's rate of return,
COV (R,R;) = Covariance between securities i;’s rate

of return,
1 = the number of securities,
W, or W, = The proportion of the portfolio’s value
mvested 1n security 7 orj,
r, = Coefficient of correlation between securities 7 and 7,
S, = Standard deviation for security 7,

And S, = Standard deviation for security 7 [5].

Investigating risk equation leads to some interesting
results: a. In portfolios with perfectly positively correlated
returns, diversification does not help. In such cases,
diversification does not provide risk reduction, only risk
averaging. b. In portfolios with perfectly negatively
correlated returns, diversification can eliminate the risk.
This principle motivates all hedging strategies. ¢. When
the returns are uncorrelated, diversification mdeed helps
and provides substantial risk reduction; it provides the

basis for insurance, or risk pooling. At first glance it
might appear that diversification has no effect here.
However, this 1s not at all the case. It can be shown that
the risk of the portfolio is less than the risk of its
component securities [66]. For example, imagine a
portfolio of equal parts of N securities, each with an equal
risk of S%. Then by using (4) and simplifying, (5) 1s

yielded: .
e 5)

Sporz‘jbiic = W
Using limit theorem and finding the limit of (5) as N-<e, (6)
is achieved:

0, .
HmN — o8 _ 5% {(Source: Calculated by

partolio W

Authors) (6)

Where in Both Equations Above:

Soopin = Standard deviation of the portfolio, a measure
of portfolio’s risk.

5% = Standard deviation of each security, a measure
of security’s risk.

N = Number of securities in a portfolio.

Basic Assumptions of Markowitz Model:

s The investor does (or should) maximize the
discounted (or capitalized) value of future returns. [5];
[67]

s Investors behave rational in investment decisions,
which  means they choose to hold efficient
portfolios- portfolios, which maximize each investor’s
utility. [5].

Investment Selection Process via MPT: Each investor has
specific indifference curves for his/her risk/expected-
return preferences.
investor’s indifference map- an mvestor’s willingness to
trade off changes mn nisk against changes in expected
return. In an efficient market, there exists an efficient set

A set of these curves 1s named

of mvestment alternatives, which 1s called efficient frontier
in Markowitz words and financial jargon-a portfolio with
minimum risk for a given level of expected return or
maximum expected return for a given degree of risk. This
efficient frontier can be plotted using Markowitz model
[68]. The matching of the available investment alternatives
along the efficient frontier, with the investor’s highest
indifference curve 1s the final step in the mvestment
selection process; Fig. 1 illustrates the three mentioned
steps.
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Fig. 1: Three steps of Investment selection process via MPT: Leading to the Optimal Portfolio by Matching of the
efficient frontier with the investor’s highest indifference curve
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Source: Rastrigin's two-dimensional Function

Fig. 2: The concept of local optima and the global optimum

(a)
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Fig. 3: Plots of some sample complicated functions for optimization

Function Optimization Methods: From a general point of
view, optimization is the process of making something
better [69]. Having a function f(x), the aim of optimization
is to find an argument x, whose relevant cost is optimum
(usually minimum). Technically, Function optimization is
the process of finding an optimal solution to an objective
function describing a problem. Optimization can be either
aminimization or maximization task. Optimization methods
are divided into two major groups, classic optimizers, also
known as gradient-based methods and (Meta) heuristic or
evolutionary optimizers.

The problem with classic methods is that they can
usually just find the local answers and optima, in other
words, in a complicated problem, problems that are
characterized by discontinuities, lack of derivative

information, noisy function values, disjoint search spaces
[70, 71] and nonlinear complicated equations, like that of
Markowitz, classic solvers often stop solving as soon as
reaching a local optimum.

Evolutionary algorithms have been designed
primarily to address problems that cannot be tackled
through traditional optimization algorithms. Although still
there is no guarantee, heuristic methods usually turn out
to achieve better results and better performances in
contrast to their classic counterparts (An example of
evolutionary method’s better performance in portfolio
problem could be found in [7]). This better performance
goes back to their nature of design; they have been
designed and created to ‘jump out” of local optima to
reach the global one. They are supposed not to ‘“get
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stuck” in local optima. Tn other words, because heuristic
algorithms perform a wide random search, the chance of
being trapped in local optima is deeply decreased. Fig. 2
llustrates the concept of local optima and the global
optimum (minimum optima/optimum in this example).
Besides, Fig. 3 shows some plots of complicated
functions for optimization

In recent years, heuristic function optimization has
received extensive research attention. Several machine
learning techniques such as neural networks [72, 73],
evolutionary algorithms [74-76] and swarm intelligence-
based algorithms [77,78,71], have been developed and
applied successfully to solve a wide range of complex
academic and practical optimization problems. Population-
based search methods, a sub-group of heuristic
optimizers, present a real and viable alternative to existing
numerical optimization techniques. Population based
optimization techmques can rapidly search large and
convoluted search spaces and are not susceptible to
suboptimal solutions. The TImperialist Competitive
Algorithm (ICA) 1s the latest member of the family.

Portfolio Optimization: Markowitz demonstrated that
once prepared, the foregoing security descriptions could
be manipulated by portfolio optimization programs to
produce an explicit defimtion of the efficient portfolio in
terms of:

s  The securities to be held.

*  The proportion of available funds to be allocated to
each. [1]

Methodology and Approach Validation

Methodology; ICA-Based Approach Introduction: This
study aims at developing an altemative and efficient
optimization methodology for resolving the portfolio
selection problem and opening the application of
Impenalist Competitive Algorithm to the issues for
portfolio management. Hence, the ICA4-based approach, to
resolve the portfolio selection problem with the objective
of simultaneous risk minimization/return maximizatiorn, 1s
mtroduced in this paper. During last two decades,
different heuristic methods have been applied to the
portfolio selection problem, however, to the best of our
knowledge, the ICA-based approach, which 1s quite a
novel algorithm, is not applied to this problem yet. Based
on this novelty and algorithm’s strength in optimization
problems (the next section illustrates this strength), TCA
is chosen for representation in this paper. The proposed
ICA algorithm 1s implemented m MATLAB [79] Software.

What is Imperialist Competitive Algorithm and why
1CA for portfolio optimization?

Imperialist Competitive Algorithm (ICA) is a new
soclo-politically motivated global search strategy for
dealing with different optimization tasks, which has
recently been mtroduced by [38]. This evelutionary
optumization strategy has shown great performance n
both convergence rate and global optima achievement,
though the applications were lunited A number of
advantages with respect to other algorithms make TCA an
ideal candidate to be used m optimization tasks. The
algorithm has shown to be efficient, robust and flexible;
within difficult (nonlinear, non-differentiable, or multi-
modal) search spaces. In other words, it 13 well suited to
handle nonlinear and non-convex design spaces and this
derivative-free method can handle convoluted areas of
search space with ease. TCA is computationally
nexpensive i terms of both memory requirements and
CPU speed [38,80,54,43,56].

All the mentioned facts make ICA a marvelous novel
candidate for portfolio selection. Moreover, to the best of
our knowledge, there have not been any applications of
ICA 1n financial management/financial engineering
problems and particularly, to the portfolio selection
problem. Thus, in this paper, an ICA-based approach,
which maps the portfolio problem to ICA algorithm, 1s
proposed for the portfolio selection with simultaneous
risk mimmization/return maximization, as the objective.
Stock weights, are mapped to/represented by ICA
countries and manipulated to aclieve the optunum
answer.

Overview of Imperialist Competitive Algorithm: Similar to
other evolutionary algorithms, this algorithm starts with
an 1mtial population. Each individual of the population 1s
called a country. Some of the best countries (in
optimization terminclogy, countries with the least cost)
are selected to be the imperialist states and the rest,
constitute the colonies of these imperialists, in other
words, this algorithm mamtains a set of candidate
solutions, referred to as country/imperialist - some of the
best countries constitute the imperialists. From the point
of view of optimization categories, ICA 1s a population
based optimization tool, where the system is initialized
with a population of ranrdom countries and the algorithm
searches for optima by updating empires via Imperialist
competition. The performance of each country is
measured using a predefined fitness function which
encapsulates the characteristics of the optimization
problem; i.e. the fitness of each country can be evaluated
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according to the objective function of the optimization
problem. In a more detailed presentation: all the colomes
of initial countries are divided among the mentioned
imperialists based on the imperialist’s power. The power
of each country - the counterpart of fitness value in the
GA- 1s mversely proportional to its cost. The mnperialist
states, together with thewr colomes constitute some
empires. After forming initial empires, the colonies in each
of them start moving toward their relevant imperialist
country. This movement is a simple model of assimilation
policy, which was pursued by some of the imperialist
states historically. The total power of an empire depends
on both the power of the imperialist country and the
power of its colonies. This fact 13 modelled by defining
the total power of an empire as the power of the imperialist
country plus a percentage of mean power of its colomes.

The search procedure of a population-based
algorithm such as ICA consists of two main phases,
exploration and exploitation. The former is responsible for
the detection of the most promising regions in the search
space, while the latter promotes convergence of the
countries towards the best detected solution. These two
phases can take place either once or successively during
the execution of the algorithm. Proper selection of internal
parameters, affects ICA’s trade-off between exploration
and exploitation, albeit there 13 no formal procedure to
determine the optimal quantity of parameters. Therefore,
some rules of thumb, trial and error and the experience of
ICA wuser are related in determining the internal
parameters.

Creation of Initial Empires: The goal of optimization is to
find an optimal solution in terms of the variables of the
problem. Algorithm-user forms an array of variable values
to be optimized. In the GA terminology, this array 1s called
“chromosome”, in ICA jargon the term “country” is used
for this array. Tn an N,,- dimensional optimization problem,
a country 1s a 1 N, array. This array 1s defined as (7):

country =[py, Py, P3s--» Py, | (7

Where:
*  psare the variables to be optimized.

The variable values in the country are represented as
floating point numbers. Fach variable in the country can
be interpreted as a socio-political characteristic of a
country. From this point of view, the algorithm searches
for the best country which is the country with the best
combination of socio-political characteristics such as

culture, economical  policy, From

language,
optimization perspective, this leads to finding the optimal
solution of the problem, the solution with the least cost
value. Fig. 4 shows the mterpretation of a country using
some socio-political characteristics.

The cost of a country 13 found by calculation of the
cost function f at variables (p,, p; P Puwa) Which 1s
defined by (8):

cost= f(coumry):f(P1=P2=P3=---=PNm) (8)

To begin the optimization, initial countries of size
Neownry are  produced, then, N, of the most
powerful countries are selected as imperialists to
constitute the empires. The remaining N, of the initial
countries will be the colonies, each of which belongs to
an empire (N, N, and N, are predefined internal
parameters of the algorithm already defined by the
user). To constitute the imtial empires, the colonies are
divided among  imperialists based on  the
imperialist’s power; that is, the initial number of colonies
of an empire should be directly proportionate to its power.
To proportionally divide the colonies among imperialists,
the normalized cost of an imperialist 1s calculated using

(9
Cn =Cp— II’]ZHX{CZ } (9)

Where:
s (), is its normalized cost.
e And c,is the cost of the #” imperialist,

Having achieved the normalized cost of all

imperialists, the probability of gaining countries for each
of the imperialists could be defined as (10):

Gy (10)

Where:
» P, is the mitial power of gaining countries for the »”
imperialist,

e ( is its normalized cost,
e And C,is the cost of the i imperialist.

The initial colonies are divided among empires based
on their power. Thus, the initial number of colonies of the
n”* empire follows (11):
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Fig. 4: The candidate solutions of the problem, called country, consisting of a combination of some zocio-political
characteristics such as culture, language and economical policy, in ICA.
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Fig. 5: Generating the initial empires: The stronger an imperialist is (darker and bigger % marks in this figure), the more
colonies it possesses (#/O marks in this figure)
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Fig. 6: Movement of colonies toward their relevant imperialist
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Fig.7: Movement of colonies toward their relevant imperialist in a randomly deviated direction
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NC., =round{p, N} (1)

Where:

e N.C.,is the mitial number of colenies of the #*
empire,

+ P, is the mitial power of gaining countries for the #*
umperialist,

s And N_,1s the total number of initial colonies.

To divide the colonies, N.C., of the colonies are
randomly chosen and given to the #”* imperialist. These
colonies, along with the #” imperialist constitute the »*
empire. Fig. 5 shows the initial empires along with
countries. As shown in this figure, stronger empires -
those with less cost- have a greater number of colonies,
while weaker ones have less. In this figure, inperialist 1,
the biggest and darkest star, has formed the most
powerful empire and comsequently has the greatest
number of colonies; colony 1 which 1s illustrated by the
darkest circles.

Assimilation

Toward Their Relevant
TImperialist: Pursuing assimilation policy, the imperialist
states tried to absorb their colonies and make them a part

Movement of Colonies

of themselves, hustorically. More precisely, the imperialist
states made their colonies move toward themselves along
different socio-political axes such as culture, language
and economical policies. In the TCA, this process is
modelled by moving all colonies toward their relevant
mmperialist and along different optinization axes, Fig. 6
illustrates this movement. Considering a 2-dimensional
optimization problem m this figure, the colony 1s absorbed
by the imperialist in the culture and language axes.
Thereafter, the colony will get closer to the imperialist in
these axes. Continuation of assimilation will cause all the
colonies to be fully assimilated into the imperialist.

In a detailed model of assimilation, a colony moves
toward the imperialist by x units, fig. 6. The new position
of the colony is shown n a darker color. The direction of
the movement is the vector from the colony to the
umperialist. In this figure, x 1s a random variable with
uniform (or any proper) distribution. Then, the related
equation is (12):

x~U(0,pxd) (12)
Where:
B is a number greater than 1, P > 1 causes the colonies to
get closer to the umperialist state from both sides.

And d is the distance between the colony and the
imperialist state.

Historically, assimilating the colonies by the imperialist
states did not result in direct movement of the colonies
toward the imperialist. That is, the direction of the
movement does nof necessarily exactly comcide with the
vector from the colony to the mperialist; there usually 1s
a bit deviation. To model this fact and more importantly to
increase the ability of searching more area around the
imperialist, i.e. to increase exploration of the algorithm, a
random amount of deviation 1s added to the direction of
movement. Fig. 7 shows this modelling. In this figure, & is
a parameter with uniform (or any proper) distribution.
Therefore, we will have (13):

2~ u(22) (13)
Where:

vy 1s a parameter that adjusts the deviation from the
original direction.

Although the values of B and y are arbitrary, in most
of the implementations, a value of about 2 for p and about
/4 (Rad) for v results in good convergence of countries
to the global optimum.

Revolution

A Sudden Change in Socio-political Characteristics of a
Country: Revolution 15 a fundamental change in power or
organizational structures of countries/empires that takes
place in a relatively short period of time. In the ICA
termmology, revolution causes a country to change its
socio-political characteristics suddenly; that is, instead of
bemng assimilated by an imperialist, the colony randomly
changes its position in the socio-political axes. Fig. 8
llustrates the revelution in Culture-Language axes.
Efficient rates of revolution, increases the exploration of
the algorithm and prevents the early convergence of
countries to local optima (minima). The revolution rate in
the algorithm parameters’ section indicates the percentage
of colonies, which will randomly change their positions.
Very large values of revolution rate decrease the
explottation/increase the exploration power of the
algonthm and may reduce its convergence rate, while very
small values, concentrate the algorithm to nearby regions
of the design space and increase the exploitation/decrease
the exploration power of the algorithm; probably leading
to early convergence and prematurity. Therefore, large
and small values of revolution rate cause a trade-off
between exploration and exploitation to exist and should
be taken care of with care. In the simulations of this paper,
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Fig. 8: Revolution: a sudden change in socio-political characteristics of a country
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Fig. 10(a): The Empires before Uniting Fig. 10(b). The resultant Empire: The empire resulting from uniting two empires
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Fig.11: Imperialistic competition: The more powerful an empire is, the more likely it is to possess the weakest colony of
the weakest empire.
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the revolution rate is 0.3 and found consistent with the
problem; that 18, 30 percent of colomes m the empires
change their positions randomly.

Exchanging Positions of the Imperialist and a Colony: [n
the movements toward the imperialist, a colony might
reach a position with lower cost than its relevant
imperialist. In this case, the position of the imperialist and
the colony is changed. Thereafter, the algorithm goes on
considering the new imperialist with new position and
assimilating the colonies toward this new position.
Fig. 9(a) depicts the position exchange between a colony
and the imperialist. In this figure, the best colony of the
empire 18 shown in a darker color. This colony has a lower
cost than its impenalist. Fig. 9(b) shows the empire after
exchanging the position of the imperialist and the colomny.

Uniting Similar Empires: In the movement of colomies
and 1mperialists toward the global optimum of the
problem, some imperialists might move to similar
positions. If the distance between two imperialists
becomes less than the threshold distance, they both will
constitute a new empire which is a combination of these
empires. All the colonies of two empires become the
colonies of the new empire and the new imperialist will be
n the position of one of the two imperialists, usually the
one with lower cost. Fig.s 10(a) and 10(b) show the
uniting process of two empires before and after umting,
respectively.

Total Power of an Empire: Total power of an empire is
mainly affected by the power of the imperialist country.
However, the power of the colonies of the empire affects
the total power of that empire, albeit negligible. This fact
is modelled by defining the total cost of an empire using
(14
T.C. = Cast(inprialist, ) + Emean{Casticolenies of empire, )}

(14)

Where:

e T.C.,1s the total cost of the " empire,

e £ is a positive small number; small values of &
cause the total power of the empire be determined by
just the imperialist, its larger amounts lead to an
increase in the role of colonies in determining the
total power of an empire. In most of the

implementations, the value of 0.1 for £leads to good

results.

Imperialist Competition: All empires try to take the
possession and control of colonies that belong to other
empires. The impernalistic competition gradually brings
about a decrease in the power of weaker empires and an
increase in the power of more powerful ones. The
imperialistic competition is modelled by picking some
(usually one) of the weakest colomies of the wealkest
empire and making a competition among all empires for
possessing these (this) colonies. Fig. 11 shows a big
picture of the modelled imperialistic competition. Tn this
competition, based on its total power, each of empires has
a likelihood of taking possession of the mentioned
colonies. In other words, these colonies will not definitely
be possessed by the most powerful empires; rather, these
empires are more likely to possess the colonies.

To begin the competition, first a colony of the
weakest empire is chosen. Then, the possession
probability of each empire is calculated using the
possession probability equation; P, 1s proportionate to
the total power of the empire. The normalized total cost of
an empire is simply obtained via (15).

NI.C., =T.C., —max{F.C.,} (15
Where:

e N.T.C,is the normalized total cost of the #* empire,
e And T.C., s the total cost of the #* empire.
+ Having found the normalized total cost, the
possession probability of each empire could be

achieved using (16):

NT.C, (1 6)

N,

-
> wre,
i=1

Pp =

Where:

s+ P, the possession probability of each empire for
possessing colonies,

o And N.T.C, is the normalized total cost of the »"
empire.

¢+ To divide the mentioned colonies among empires,
vector P is formed as follows in (17):

P:[ppl’ppg’fjp; """ pp%} an
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1) select some random points on the function and initialize the empires.

2) Move the colonies toward their relevant imperialist (Assimilation).

3) Randomly change the position of some colonies (Revolution).

4y If there is a colony in an gmpire which has lower cost than its
relevant imperialist, exchange the positions of that colony and the
imperialist.

5) Unite the similar empires.

6) Compute the total cost of all empires.

7y Pick the weakest colony (colonies) from the weakest empires and give
it (them) to one (some) of the empires considering probabilities
(Imperialistic competition).

8) Eliminate the powerless empires.

9) If the stopping criterion is satisfied, then stop, if not, go to step

Source: [38] 2
Fig.12: Pseudo code of the Imperialistic Competitive Algorithm
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| Urite Similar Empire |

2 itoppirgirteron
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Fig.13: ICA Flowchart
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Then, the vector R, whose elements are uniformly
distributed random numbers - and has the same size as P -
1s created via (18):

R:[fl,fz,@ ..... er } Rty s By~ UH0,1) (18)

np

:[pp,_rl’ ppg_rrppg_rS""’pme_erJ (19)

Using vector I as a reference vector, the so-called
weak colony (colonies) 15 handed to the empire whose
relevant index in D vector 1s maximum.

The process of selecting an empire 1s similar to
the roulette wheel process mn GA, used in selecting
parents; however, this method of selection 13 much
than  the roulette
because it is not required to calculate the cumulative
distribution function and the selection is based on
only the values of probabilities. Hence, the process
of selecting the empires can solely substitute the
roulette wheel in GA and increase its execution speed,
as well.

faster conventional wheel

Algorithmic Description: Based on the above
explanations, the maim steps of ICA are summarized in the
pseudo-code of fig. 12. The continuation of the mentioned
steps will hopefully lead the countries converge to the
global optimum of the cost function (by default, the global
mimimum). Different criteria could be used as stopping
criteria of the algorithm. One 1dea 13 to use a number of
maximum iterations of the algorithm, called maximum
decades. Anocther could be the end of imperialistic
competition as a stopping point; i.e. when there is only
one empire left, it could be considered as the stopping
criterion of the ICA. Furthermore, the optimization task
could be stopped when the algorithm’s best solution
cannot be improved for some consecutive decades. It can
be noticed that ICA shares many common points with GA,
PSO and other population-based methods. Some of these
commeon points could be the random generation of imitial
population, search for optima by updating generations or
iterations and evaluation of a fitness or objective for
possible solutions. However, they have different sharing

mechanisms for optimization during the search. Fig. 13
llustrates ICA flowchart.

ICA Country
Selection Problem:

Representation for the Portfolio
In order to apply ICA to the
portfolio problem, it is necessary to find a suitable
mapping between the stock portfolio and the ICA
country. Markowitz risk-return equations along with
portfolio weights as countries, is used to bridge the TCA
country with the stock portfolio selection. In this case,
through TCA countries, optimal portfolio weights can be
searched from a population of country-represented
weights that are updated according to ICA mechanism.
Moreover, instead of obtaiming imtial portfolio weights
from different classic or heuristic rules or methods, the
imitial weights represented by ICA country are randomly
generated.

As a powt in an n-dimensional space, the n elements
of an ICA country can stand for the » potential stocks in
a portfolio under construction. Hence, the # parameters of
a country’s position can represent the weights of the »
stocks in the would-be portfolio.

Based on the country representation of the portfolio
and in order to apply the constraints concerned with the
portfolio problem®, the TCA-based methodology for the
portfolio selection problem is developed and implemented
1n this research.

According to [3] sk of a carefully selected and
diversified portfolio with at least 15 stocks, equals the risk
of a portfolio of the whole market, known as the market
portfolio. Therefore, in order to have at least 15 stocks in
the constructed portfolio, the following constraint, (20), is
to be considered:

s Upper Bound of portfolio’s value invested in security
i=

Total Budiet of Portfolio% _100%
The least vamber of stocks in the portfolio to 15

have a visk close enough to the mavrket portflio

=6.66%

(20)

Besides, the lower limit for a stock weight m the
portfolio is supposed not to be negative (Borrowing and
lending are not assumed allowed). Thus, because the TCA
country represents a series of stocks’ weights in the

* http://www.irbourse.com

"Available at the library of Tehran Stock Exchange Central Organization.
¥ Tn order to save space and not to lengthen the paper, the details of the programming and the related M-files and codes,
prepared and written by authors, are not provided in the paper text. However, they could be available to any reader by

sending a request e-mail to the corresponding author.
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portfolio that range from 0 (0%) to 0.0666 (6.66%), all
parameters of the r-dimensional country positions, either
mutialized or updated during the search, must be limited to
[0, 0.0666] or [A™" X™7], avoiding infeasible country
positions that can lead to slow ICA search. Each
parameter of the imtialized or updated position that 1s

beyond [X™", X™*] can be adjusted 1 the following form,
(21

if x41) > X™ then x,(1) = X"

else if x,(1) < X™" then x,(t) = X™". 2
Where:

»  x,(1) represent the /* element of the #* country,
o X" and X™ are lower and upper bounds of stocks,
respectively.

The third constraint that is to be considered 1s a
linear constraint, this linear constraint requires the sum
of countries be set to 1. The reason to this constraint
goes back to the nature of lending and borrowing
possibilities, which are assumed forbidden in here. In
other words, spending any amount more or less than the
pre-determined budget for the portfolio is not allowed.
Lending (or spending less than the pre-determined
portfolio budget) causes the budget become less than
100% or 1 and on the other hand, borrowing (or spending
more than the pre-determined portfolio budget) leads to
more than 100% budgets, which are not possible
alternatives 1n this research and also usually in real
situations. Hence, to satisfy this constraint, the sum of
countries 18 set to 1 (or 100% of the budget).

Calibration of ICA’s Internal Parameters: For the
number of countries in the population, i.e., M or called P-
size, more countries may increase success in searching for
optima because of sampling state space, more thoroughly.
However, more countries require more evaluation runs,
leading more optimization cost. Anyway, a rule of thumb
says: In population-based algorithms, like GA, PSO and
ICA, it seems safe and conservative fo choose the
populations size equal fo 10 times the number of
variables! Therefore, a P-size of at least 10 times the
number of variables, stocks in the portfolio problem, is
selected for the ICA-based approach.

Other ICA parameters are set via #rial and error in
successive iterations of the algorithm. Therefore, they will
be revealed later on, in the findings section.

Validation of the ICA-Based Approach via an
Experimental Test: The performance of the proposed
ICA-based approach has been evaluated on a test bed of
a real stock market via constructing a portfolio in this
market and applying the constructed portfolio to real data
of market for a six month period following portfolio’s
construction, known as the test period in this research.
Thereafter, a comparison between ICA-based portfolio
and the market portfolio 1s performed in order to evaluate
the ICA’s performance and also to determine 1ts efficiency
1n portfolio construction.

Population and Data

Population: Testee Stock Market: This study concerns
with portfolio selection in Telran stock exchange market
and from the stocks of top 50 listed companies in that
marlket. The list of these companies is extracted from the
library of Tehran Stock Exchange Central Organization. Tt
was the newest available updated list up to January, 21%,
2010. As one may ask, “why top 50 companies?” Here
comes the explanation: the only way the systematic risk
can be lowered 1s to expand the defimition of the “market”
toinclude dissimilar markets [1]. Internationally diversified
portfolios are much less risky than the limited ones [81];
[82]. When we select our portfolios for research purposes
and mn limited markets such as the stock exchange market
of only onre zone, like that of Tehran, no mternational
diversification is possible (and also affordable). Therefore,
1n such situations and i order to bear the least possible
risk, it is conservative to select the portfolio from
companies that are listed as top and successful
companies and are probably outstanding in their own
industry - at least most of the time. This way, the real
performance of method could be revealed.

Samples and Historical Data: Table 1 shows the name,
sector of activity and data for 50 companies” stocks
average rate of return, during six periods®, starting from
March, 20%, 2004 and ending in March, 20" 2009. BEach
period is considered 1 total financial year. Besides, Fig. 14
illustrates these average rates of returns in a column
diagram. Note that Tranian’s New Year (Norouz) and so

* http://www.irbourse.com

"Available at the library of Tehran Stock Exchange Central Organization.
¥ Tn order to save space and not to lengthen the paper, the details of the programming and the related M-files and codes,
prepared and written by authors, are not provided in the paper text. However, they could be available to any reader by

sending a request e-mail to the corresponding author.
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Fig 14: Column diagram of average rates of returns for 50 top companies, six periods of Tehran Stock Market
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Fig. 15: Market Index, six periods of Tehran Stock Market
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Fig. 16: 50 top companies’ Index, six periods of Tehran Stock Market
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Fig 17: Mean/Best fitness functions value versus the ICA algorithm’s iteration numbers

® hitp://www.irtbourse.com
Available at the library of Tehran Stock Exchange Central Organization.
¥ In order to save space and not to lengthen the paper, the details of the programming and the related M-files and codes,
prepared and written by authors, are not provided in the paper text. However, they could be available to any reader by
sending a request e-mail to the corresponding author.
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the financial year begins on March, 21¥. Therefore, the
end of a financial year in Iran is on March, 20" each year,
which 1s important to be considered because of the effects
of New Year on financial issues, the same as January
effect (which happens in Iran’s market as well and could
be called Farvardin® effect.) “Why Six periods?” Six
periods were selected for at least two reasons: 1. the most
possible information could be extracted when considering
six recent periods; any consideration more than six
periods could damage the data, because some companies
were not present in the market in the preceding periods. 2.
Fig.’s 15 and 16 show the Index diagram for Tehran stock
market for total market and the 50 top compames,
respectively. To extract a rigorous covariance between
pairs of stocks - needed for portfolio selection - both
prosperity and depression economic periods, should be
considered. Considering this fact, a period of at least six
years seems conservative. Moreover, to achieve an exact
covarlance matrix, monthly data seems more conservative;
thus, monthly return data of 50 top companies and for
seventy-one months are selected for this research. In other
words and to be exact, seventy-one return data, starting
from March, 20", 2004 and ending in January, 20*, 2010
are selected as historical data for portfolio construction.

Test Period Data for Model Validation: In order to
validate the performance and efficiency of the ICA-based
selected portfolio, real data was gathered for a period of
six months, since January, 2]“, 2010 up to July, 2]“,
2010, the period was chosen as long as possible to omit
any random effect that may exist n portfolio performance
and also omission of Farvardin effect.

Data Gathering Tools and Assumptions: In order to
perform this research, raw data was gathered using the
following tools: Library studies of Tehran Stock Exchange
market, Tehran Stock Exchange Corporation’s Official
websit® and databases of two special softwares designed
for Telran Stock Markets; Tadbirpardaz and Rahavard
Novin”.

Finally, let’s refer to a common procedure which often
happens in data gathering for portfolio selection, but
rarely mentioned. Because lustorical data 1s readily at
hand, it is usually used as representatives of future data.
Cautions must be taken when using the data in this way,
because in some cases, historical data may not be good
and real representatives of future data. Portfolio equations
need ex-gnte’ data, which are somehow different from
historical data. Assuming historical data instead of ex-
ante’ data 1s an unspoken assumption that should be
taken care of and used with cautious.

Findings and Discussion
and Results: Applying
equations to the raw data of rates of retumn, a covariance
matrix between each pair of stocks 1s approximated; this
matrix 1s 50»50 and we name it COV.matrix. Because the
proposed ICA algorithm is implemented in MATLAB
code and optimization methods that are programmed with
the MATLAB use minimization objective as the default
procedure, we had to code the portfolio optimization
problem as minimization of the fitness functior®, in which,
simultaneous risk minimization/return maximization is
implemented via programming skills.

Using the ICA representation for portfolio selection,

Calculations covariance

table 2 1s yielded. Table 2 1s the optinum portfolio
selected via ICA algorithm using COV.matrix. Percentage
numbers 1n table 2, known as W, are the proportion of the
portfolio’s value mmvested in security 7. Fig. 17 illustrates
the amounts of Mean/Best fitness functions versus the
algorithm iteration numbers for the constructed portfolio.
Test trials suggest the algorithm parameters represented
in Table 3; i.e. table 3 acts out the best internal parameters
of ICA approach found to be consistent with the portfolio
selection problem, so that, next ICA user could invoke the
parameters of this table as a good starting point and
perhaps the best one. Substituting the weights of Table
2 m(1) yields to:

»  Expected Return of the Portfolio= B ¢ Lo 1oabmwe
st 0-359908 or 35.9908%

And the substitution in (3) leads to:

* VAR (R g pontuio 10abme comsimes) — 0-078%0r7 .85%, so
using (4) we’ll have the following amounts:

»  Portfolic’s Risk = Risk (Ry oo 1cabwed contrcted) =
0.280899 or 28.0899%.
Model Validation: Portfolio Testing Results

As already explamed, the performance and efficiency
of the proposed ICA-based approach 1s to be evaluated
by applying the constructed portfolio to real data of
market for a six month period after portfolio’s construction
and then, a comparison between the ICA portfolio and the
market portfolio is essential. Therefore, the ICA portfolio
is applied to the market data of proceeding months,
hence; securities were selected and hold, accordingly.
This holding was since January, 21%, 2010 up to July,
271%, 2010, the period was chosen as long as possible to
omit any random effect that may exist in portfolio
performance and also omission of Farvardin effect. The
return result of the portfolio 1s detailed in Table 4.

1591



12

10

(]

World Appl. Sei. J., 14 (10): 1576-1598, 2011

Source: Calculated by Authors
Fig. 18: ICA -based portfolio’s return in contrast to the market portfolio’s return; during 6 months called test period
(Diagram Numbers are expressed as percentage)

m The Market Portfolio's return

= |C2&-hased Portfolic's return

Tahle 1: Lverage mates of Tetums for 50 top compandes, six periods of Tehran Stock Iarket and columns of compansy s ctors of activity (The rumbers ate expressed as the percentage)

Comnpansy Axerage Retum Average Retumn dxrerage Retumn
Marng fior Six Periods Sector Cromopracy Marne for Six Periods Sector Compary Mame  for Six Periods Sector
Orther nommne tallic
1 Iran Ehodmo 24 Ilotor Vehicles and Auto Parts 18 Petro, Tm, 16.22 Chemicals and Byeprocucts 35 Azar Refract. -349  Ilineral Product
2. Iran Khodmo D 3340 Iotor Vehlorles and Auto Parts 19, Itan Ind. Dev. 149 Imrvestment Companies 36.Calcimine 12119 Basic Ietals
3.EN Bark 4285 Banks, Credit and Other Ivbtor Vehicles Chemicals and
Firancial Institutions 20. Pena Ieestment 41,28 And Auto Parts 37.Iran Carbon -6.26  Byproducts
Chemicals and
4 Parg Darou 18.12 Plarmaceuticals 21 Insurance Irw. 13.83 Imvvestment Companies 38 Kaf 1749  Byproducts
Raubber and
5.Abadan Petr. 32892 Chernicals and By-products 22Ind. and Dline e, 1.02 Imevestment Companies 39 Cazouleh 6653 Plastic Products
Dive wified Industrials 40 Bahrnan Ivlotor Vehicles
& Khatk Petr. 358 Chemicals and By-products 23 Ghadir Inwv. 41 .68 {Conglumerates) CGroup 4618 And Auto Parts
7 Farahi Petr. 523 Chermicals and By-products 24 Behshalr Group 3218 Imevestment Commpanies 41 Sadid Group 1327 Basic Ietals
Refined Petroleum Feal Estate And 42 Looleho
8. Zangan Equip. -831 Products and Muclear Fuel 25 Housing I, 1171 Construction Ivhshin Saz 5665  Basic Ivietals
43 Mimomohareke Ivlachinery and
9. Iran Tractor 5149 Ilachinery and Eouiproent 26 Wetals ard Iin. 81.13 vk tal Ores Ilining Il 1554 Equiproent
Ivlotor Vehicles
10. Chadormalu 6497 Tvletal Crres Ivining 27 Wl 15.88 Imrvestment Companies 44 Ik brvar S azan 6.08 and Auto Parts
Refined Petmlenum 45 Iram Ivletal Cres
11.Jaher Haymn P 3536 Plarmaceuticals 28, Oil Ind. Trer. 20.58 Products and Muclear Fuel  Zine Ivlines 6175 Ivining
46 Iran Ivin, Ivletal
12 Zamyad 8199 Motor Vehicles and Auto Parts 29 Tehran Cement 11.93 Cement, Lime ard Gyprumn. Ivines 087 Oms Minng
47 e hream Ilotor Vehicles
13 Saipa 9442 Ivotor Vebdcles and Auto Parts 30, Fars Cement 26.47 Cement, Lime ard Gypaum  Pars 6.5 And Auto Parts
Electric Ihchirery
14 Saipa Diesel 31 Motor Vehlorles and Auto Parts 31, Shahdiran Ine. .09 HNon-sugar Products 42 Iotogen 1160 and Apparatus
Dirversified Industnials Befined Petrolenm
15 Penion Fund 5510 {Conglumerates) 52 .Belshahr Ind. 3395 Hon-sugar Products 49 Belran Cil 1534  Pmductsard Muclear
Fuel
33 5ADRA Inchistrial And Engineering Refined Petroleum
16, Buali Irev. -10.08 Trrvegtment Comparnies (Sanati Daryayd) .86 Froject Ianage ment 350 Pazs Oil 1270 Pmoductsand Muclear
Fuel
Cther Mon-metallic
17 Pars Tousheh 1975 Ilachinery and Eguipment 34. Doroud 36.62 Ivineral Products

Source: Caloulated by Authom
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Table 2: TCA’s Optimum portfolio, the proportion of the portfolio’s value invested in security i, selected via ICA algorithm using COV.matrix. (The numbers

are expressed as the percentage)

Percentage of portfolio

Percentage of portfolio

Percentage of portfolio

Company Name Value invested in stock  Company Name Value invested in stock  Comparny Name Value invested in stock
1.Iran Khodro 0 18.Petro. Inv. 0 35.Azar Refract. 0

2. Iran Khodro D. 0 19 Iran Ind. Dev. 0 36.Calcimine 6.66

3. EN Bank 0 20. Rena Investment 0 37.Iran Carbon 0

4 Pars Darou 6.60 21.Insurance Inv. 0 38 Kaf 0
5.Abadan Petr. 0 22.Ind. and Mine Inv. 0 39.Gazlouleh 0
6.Khark Petr. 0 23.Ghadir Inv. 0 40.Bahman Group 0
7.Farabi Petr. 0 24.Behshahr Group 6.66 41.8adid Group 0

8. Zangan Equip. 4.3 25 Housing Tnv. 0 42 Looleh o Mashin Sazi 6.66

9. Iran Tractor 6.66 26.Metals and Min. 0 43 Niromohareke M. 0

10. Chadormalu 6.66 27 Melli 0 44 Mehvar Sazan 0
11.Jaber Hayan P. 0 28, Oil Ind. Inv. 0 45.Iran Zinc Mines 0
12.Zamyad 0 29 Tehran Cement 0 46 .Iran Mn. Mines 6.66
13.8aipa 245 30. Fars Cement 0 47 Mehrcam Pars 6.66
14.Saipa Diesel 0 31. Shahdiran Inc. 0 48.Motogen 6.66
15.Pension Fund 0 32.Behshahr Ind. 6.66 49 Behran Oil 6.66

16. Buali Inv. 0 33. Sanati Daryayi 0 50.Pars Qil 6.66
17.Pars Tousheh 6.66 34. Doroud Farsit 6.66

Table 3: The best internal parameters of ICA approach consistent with the portfolio selection problem

MNumber of Tnitial Countries 500 Damp Ratio 0.99
Number of Initial Imperialists (Empires) 10 Uniting Threshold 0.02
Revolution Rate 0.3 Number of generations (Decades) 3500
Assimilation Coeflicient Time Limit Infinitive
Asgsimilation Angle Coefficient 0.5 Fitness Limit - Tnfinitive
Coefficient of countries impact on total power of the empire; ? 0.02 Function Tolerance 10-6

Source: Calculated by Authors

Table 4: Summary of calculations and a comparison between ICA portfolio’s return results with market portfolio’s return for each month of the test period

Portfolio/Monthly Retum Bahman T  Esfand { Farvardin §  Ordibehesht ] Khordad = Tir © Average Return During Six Months
TCA-based Portfolio 1.57 10.47 8.48 3.58 0.29 9.73 5.69
The Market Portfolio 0.9 378 7.8 0.93 2.67 9.88 4.33

T The 11* month of the year in Iranian’s Calendar.
1 The 12* month of the year in Iranian’s Calendar.

§ The 1 month of the year in Tranian’s Calendar.

9 The 2 month of the year in Iranian’s Calendar.
+ The 3 month of the year in Iranian’s Calendar.

@ The 4 month of the year in Iranian’s Calendar.

Source: Calculated by Authors

Table 51 ICA-based pertfolio’ s specifications and a contrast to the average achieved armount in the test period and also the monthly average of the market portfolio

Portfolio const- Number of ICA Convergence ICA Expected Expected Average montidy rate Market portfolio’s
ruction method/ securities included  Speed (According to Cornvergence Annual Risk  Menthly Riskk  of return in application  average monthly
Specification (Diersification) decades or generations) Speed (Trnely)  Retum &%) (%) Retumn ®a) (%) (Test period) (%0) return (Test period) (o)
ICA (ICADased 5 minutes

Pertfolio) 16 (out of 50) 3000 and 8 seconds 35.9908 28.0899 2.9993 2.3408 5.69 4.33

Seurce: Calenlated by Authers

In financial research, market portfolio is an important
benchmark portfolio. In other words, once a portfolio
outperforms the market portfolio, it is known as an
outstanding and successful portfolio; otherwise, 1t 1s not.
Fig. 18 illustrates a comparison between ICA-based

portfolio’s return and Tehran market portfolio’s return
during the test period. As it 13 obvious, ICA-based
portfolio outperforms the marlket portfolio for four months
out of six, i.e., by achieving extremely larger amounts of
returns, ICA approach shows a better performance in
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contrast to the market portfolio. Table 4 also shows a
comparison between ICA portfolio’s return results and
the market portfolio’s return for each month.

Table 5 outlines the ICA-based portfolio’s expected
return/risk, number of securities selected and its
comvergence speed - both timely and according to the
generations, besides, this table illustrates the comparison
between the average achieved amount in the test period

and also the monthly average of the market portfolio.
DISCUSSION

The proposed ICA algorithm is considered efficient
for at least three main reasons: 1. it never misses the
optimal solution, namely, the algorithm is run repeatedly
(twenty times) and 1t never misses the optimal solution. 2.
the time and decades for every iteration remain the
same as the count proceeds. Moreover, both timely and
decadal speeds are fast. 3. ICA portfolio outperforms the
market portfolio most of the times, 67% of the times.
On the whole, findings show that the proposed algorithm
can consistently handle the practical portfolio selection
problem with good efficiency. These findings are
discussed thoroughly in the following paragraphs.

As the number of stocks increases, the search space
would grow exponentially. This reflects the advantage of
ICA, in to conventional optimization
techniques, n being able to locate the solution efficiently
when the search space is complex and large. Fig. 17 shows

contrast

this efficiency schematically, this figure presents the
process ICA went through to reach the optimum answer.
As a close look may reveal, ICA has located the optimal
solution after about 3000 iterations, respectively, whose
relevant time was approximately 5 minutes; this is a fast
and suitable speed., ie. this speed for locating the
solutions in such a complicated and large search space
shows that the convergence speed is reasonable and the
algorithm has a fast performance. Note that as it was
already mentioned, increase in the number of stocks, leads
to a more difficult and complicated problem. Therefore,
the convergence speed of an optimization algorithm i#
complicated search spaces 15 of great importance.

In a comparison between the ICA-based portfolio and
the market portfolio, which is an important index, it should
be mentioned that the ICA-based portfolio outperforms
the market portfolio most of the time, 67% of the test
period (see fig. 18). Hence, outperforming the market
portfolio’s average using ICA-constructed portfolio in a
relatively long period of six months is assumed a success.
Thus relatively long period omits any random effects that

may exist and performs this omission with holding enrly 16
securities mn contrast to 50 securities of the market
portfolio. Considering the calculation procedures, the
nature of dominancy for ICA’s portfolio goes back to its
ability in locating the global optimum.

Summary, Conclusions and Future Works: Markowitz
demonstrated that the two relevant characteristics of a
portfolio are its expected return and some measure of its
risk- operationally defined as the dispersion of possible
returns around the expected return. Rational investors will
choose to hold efficient portfolios. The identification of
efficient portfolios would require information on each
security’s expected return, variance and covariance of
returns. Finally, once prepared, the foregoing security
descriptions could be mampulated by portfolio
optimization programs to construct the optimal portfolic.
Optimization methods are divided into two major groups,
classics and heuristics (or evolutionary algorithms).
Evolutionary algorithms have been designed primarily to
address problems that cannot be tackled through
traditional optimization algorithms, problems like the
portfolio selection problem. Recently, an evelutionary
optimization algorithm has been developed based on the
simulation of socio-political evolution processes,
Imperialist Competitive Algorithm. This evolutionary
optimization strategy has shown great performance in
both convergence rate and global optimum achievement.
The Imperialist Competitive Algorithm (ICA)-based
approach to resolve the portfolio selection problem with
the objective of simultaneous risk minimization/return
maximization was introduced m this paper. Security
weights m a portfolio are represented by countries and
the countries are manipulated to primarily satisfy three
constraints concerned with the portfolio selection; upper,
lower bounds and a linear constraint that requires sum of
countries equal 1. Then, based on the proposed
framework of the ICA and country representation of
portfolio, computational analyses were provided so as to
investigate the performance of the ICA-based approach
for the portfolio selection problem and also to evaluate
the wvalidity of this approach. Thus, a portfolio was
selected from Tehran Stock Exchange market, from 50 top
companies. To investigate its performance and efficiency,
1t was applied to the return data of compamnies for a test-
period of six months, which followed the portfolio
construction historical data. The results indicate that the
ICA-based portfolio has a better performance in contrast
to its market counterpart, ie. in contrast to the market
portfolio. ICA portfolio outperformed the market
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portfolio’s average return, 67% of the times during
the six month test period. The proposed ICA-based
approach 1s considered efficient since it never misses the
optimal soluton even when it was run repeatedly
(twenty times). Moreover, the time for every iteration
remains the same. Tn addition, ICA portfolio approach was
able to locate the solution in complicated and large search
space of the real stock market efficiently; the convergence
speed for locating the solution, present the method
suitable and with fast performance. On the whole, the
results indicate that the proposed approach can
consistently handle the practical portfolio selection
problem with good efficiency.

More work is currently underway to develop a
bi-criterion ICA algorithm to construct the entire Pareto
front for the rnsk-return tradeoff analysis. Another
experiment is to enhance the efficiency of the current ITCA
algorithm. Consideration of different time steps for
reporting rates of returns -periods like every 3 or 6
months- to construct the covariance and hence the
could be further

investigations.

portfolio, another subject for
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