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Abstract

Two mathematical models are developed to study and compare results of two cases of the portfolio selection problem
in the Kuwait Stock Exchange (KSE) as an emerging market. The mathematical models are attempting to balance the
trade off between risk and return by maximizing the expected return while maintaining the risk measures to certain
limits. Model A measures the expected return by the moving average forecasting technique, while Model B measures
the expected return by the random walk forecasting technique. Both models, which turned to be non-linear, are solved
using a tailored tabu search heuristic algorithm to provide efficient solutions with reasonable amount of computational
times. After testing the models using real data from KSE, the results indicated that Model A is able to beat the market

in a significant manner.
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Introduction

Achieving maximum returns with minimum risk is
the ultimate goal of investors worldwide. The
relationship between return and risk is obvious in
stock markets, where most stocks granting high
returns are very risky. Therefore, investors
sometimes search out portfolios that balance the
trade off between risk and return. Markowitz’s
seminal work on portfolio selection in the 1950s
inspired researchers to study the effectiveness of
asset portfolio optimization. Special attention was
given to stock markets. Theoretically speaking,
when the stock market is reasonably efficient, there
is little room for ordinary investors to make excess
returns as information of any kind, public or private,
is of little use in beating the market. However, when
the market is inefficient, it is logical to assume the
possibility of beating the market through
manipulation of public information. The Kuwait
Stock Exchange (KSE) is an emerging market that
has been found by many studies to have weak
efficiency (see for example Al-Loughani, 1995),
2000a and 2000b; Al-Loughani and Chapell, 2000;
and Al-Loughani and Moosa, 1999). One study of
particular interest for this paper is the work of Al-
Loughani, Al-Dechani and Al-Saad (2004) which
focuses on portfolio selection. They tested the
validity of the Dow-10 investment portfolio selection
strategy in the KSE. The results of their work
revealed that the risk-adjusted returns of the Dow-10
portfolio were much higher than the returns of the
market portfolio. By suggesting a simple portfolio
selection method that can be used to make returns
higher than the market, they actually provided an
additional implicit proof of KSE weak efficiency.
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In this paper authors intend to contribute to the
insufficient literature on portfolio optimization topic
in emerging markets. Due to the reasons of
accessibility and handiness KSE was selected.
Following recent research awareness of new
optimization techniques, the tabu search as an
approach for investment portfolio selection in the
KSE was introduced.

In the remainder of the paper the relevant literature
is discussed followed by a description of the
distinguishing properties of the KSE. Next the
research methodology and the problem formulation
are discussed, i.e. how to deal with its main factors
followed by the description of the mathematical
model. To provide a better understanding of the
methodology, a section describing the tabu search
heuristic algorithm as an optimization method was
intentionally included. In the section that follows the
data and the results of the model estimations are
discussed. The final section deals with concluding
remarks and recommendations.

1. Literature review

Considering the theoretical arguments on the
relationship between market efficiency and the
possibility to make excess returns, in order to
achieve maximum returns researchers have been
striving to develop mathematical optimization
models to explore such possibilities.

Markowitz (1952) was one of the first who
formulate the portfolio selection problem. The
introduced model was to minimize the risk,
represented by the covariance, subject to a certain
bound of expected return (see also Markowitz,
1959). Konno and Yamazaki (1991) were the first to
enhance Markwitz work proposing a linear version of
the objective function using the simplex methodology.
Based on the notion of skewness and semi-variance,
both Markowitz et al. (1993) and Konno and Suzuki
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(1995) introduced more complex functions to
capture the effect of risk. In the subject of tail risk
measures, Rockafellar and Uryasev (2000) and
Rockafellar and Uryasev (2002) showed new
methodologies of using both Value-at Risk (VaR)
and Conditional Value-at-Risk (CVaR), which are
appropriate to be applied when the portfolios return
is not following the normal pattern. Work by
Mansini and Speranza (1999) is a good source for
reviewing earlier portfolio optimization models.
Their paper included some heuristic algorithms.
They introduced methods to find a solution close to
optimal (heuristic solution) with a reasonable
amount of computational time. Similar approach
was employed by Aldaihani and Al-Deehani (2004)
to solve portfolio selection problems in the
emerging market of Kuwait Stock Exchange.
Interestingly, this is the only research attempt to
model portfolio selection in this market.

Deviating from traditional methods, a practical use
of local search techniques for portfolio selection was
introduced by Rolland (1997) and then by Chang et
al. (2000). In an attempt to improve the work of
Rolland and Chang et al., Schaerf (2002) explored
the use of several local search techniques.
Considering the problem of selecting a portfolio of
assets that provides the investor with a suitable
balance of expected return and risk, he concluded
that tabu search works much better than Hill
Climbing and Simulated Annealing techniques.

Other optimization techniques for portfolio selection
were analyzed and found to be valid. For example,
Alexakis et al. (2007) introduced a dynamic
approach to evaluate portfolio performance under
risk conditions and applied simulation to
recommend the optimal portfolio composition. Yang
(2006) used a Genetic Algorithm (GA) approach to
improve portfolio efficiency. Lui (2007) explored
portfolio selection in a stochastic environment
combined bond and stock components.

In emerging markets where weak efficiency is evident
little work has been done to explore portfolio
selection. Therefore, for reasons mentioned earlier the
papers is focused on the KSE. Al-Loughani and
Moosa (2000) tested the efficiency of the KSE using a
moving average rule. They studied the market for the
time periods of 1986-1990 and 1992-1997, and found
some evidence demonstrating that the KSE was
inefficient.  Al-Loughani  (1995) studied the
application of the Random Walk rule in thinly traded
stock markets. Specifically he studied the KSE and
showed its inefficiency when sophisticated tests are
used. The most part of other researches conducted on
the KSE is merely statistical analysis.
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Although it has been proved that the KSE market
does not enjoy strong efficiency, in the literature
there is little work in introducing applications of
optimization models for the KSE to explore
possibilities of making excess returns. The only
known study is the one conducted by Aldaihani and
AL-Deehani (2004). Employing an integer
programming  mathematical modeling, they
provided the first evidence of wvalid optimized
portfolio that outran the market while maintaining a
level of risk equal to or lower than that of the
market. Departing from traditional optimization
modeling, we follow in this paper, a new strand of
research focusing on local search techniques to
model portfolio selection in the KSE.

Before discussing the methodology and analysis, it
would be interesting to introduce the properties of
the selected stock market in the next section.

2. Kuwait Stock Exchange properties

Although informal trading of stocks in Kuwait had
started in 1952, organized and controlled trading
did not begin until 1983. Compared to all Arab
stock markets, the KSE has the highest turnover
ratio. It is ranked second in terms of value traded
and third in terms of market capitalization. In the
year 2002, the KSE’s market capitalization was
$35.1 billion representing about 45% of all Gulf
Cooperation Council (GCC) countries’ stock
markets and about 17% of all Arab stock markets.
The value trade for the same year was $22.1 billion
which represents about 40% of GCC countries and
about 34% of all Arab stock markets. At the end of
2002, there were 96 listed companies, 10 of which
were not Kuwaiti. In 2004 the total number of listed
companies has increased to 111. By the end of 2007
the number has grown to 194 companies, 15 of
which are non-Kuwaiti (GCC predominantly).

Common stock is the only financial security traded
in the KSE. Short selling is not allowed. Although
not practiced by the vast majority of traders,
organized margin and call option trading are
available through only specific providers. Trading is
settled through brokers that are prohibited by law
from providing any advice.

Ever since the start of its formal operations, the KSE
can only be described as instable. This is due to
major financial and political factors. These are, the
Irag-Iran War 1980-1988, and the AL-Manakh
financial crisis that started at the end of the 1970s. Its
consequences still persist. The Gulf War in 1990
added more to the volatility of the market and still
persists. And lately, the consequences of the war
against Iraq in 2003 that still persist. These conditions
along with other socio-economic factors have made
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the KSE a manipulative market. Compared to the
regional GCC markets (except Oman), the KSE
seemed the most volatile (Al-Dechani 2004).
Therefore, short-term investment and market
manipulation appear to be logical investment strategy
for the KSE investors. A comprehensive description
of the KSE main characteristics can be found in AL-
Loughani and Moosa (1999).

3. Problem formulation and methodology

In this research two mathematical models are
developed to determine risk and return balanced
portfolios in the KSE. The models, which are solved
by Tabu Search (TS) heuristic algorithm, identify
the portfolio size in terms of number of stocks as
well as the selected stocks in the portfolio. The
percentage to be invested in each stock is assumed
to be distributed equally among the portfolio
components. The main contribution of this research
is to check whether there is room for optimization in
the KSE or not. The ultimate technical goal of the
optimization models is to find a portfolio which
maximizes the expected return subject to a certain
acceptable limit of risk. Unlike previously employed
methods, the proposed model takes into account
variety of risk measures such as correlation,
variation, and number of stocks. The developed
optimization model uses only past real data from the
KSE, including stock name, sector name, date, and
price. The models are tested using these real data by
comparing their portfolios performance measures
(actual returns) to the market index. The market is
beaten if a model generated portfolio provided
greater return than the change in the market index
for the same period of time.

The following section represents the mathematical
description of the problem. Let ieN represent the
stocks in the market and s eM represent the sectors
in the market. For each stock in sector “s”, there
is a computed standard deviation o;, measured
according to historical data, and an expected return
r;s determined by a forecasting method. The
standard deviation of a stock is measured using the
previous eight periods (quarters) and the expected
return is computed using forecasting rules. Model A
applies the Moving Average (MA) rule using two
periods, while Model B employs the Random Walk
(RW) rule using eight periods. For each pair of
stocks in the market “i” in sector “s” and “j” in
sector “g”, there is a correlation p*4;; that describes
the relationship between the two stocks, which
might be in the same sector (s = g) or in different
ones (s # g). The decision variable in this problem is
x;s which equals one if the stock “i” i “s”
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in sector “s” is
selected in the portfolio and equals zero otherwise.
On the other hand, there are certain risk limits

included in the models. UBy, represents an identified
upper bound for the stock standard deviation to
decide whether the stock is eligible to enter the
portfolio or not. UB,,, denotes the average standard
deviation of all the stocks in the market in the
previous period (to be used as an upper bound for
the portfolio average standard deviation for the
current period). UB,, represents the upper bound for
the portfolio correlation. The objective function of
the problem is to select a subset “n” stocks from the
total N stocks in the market that maximizes the
expected return while at the same time satisfies all
the risk constraints which are represented by
variation, correlation, and number of stocks.

3.1. Risk’s constraints. Since the proposed
mathematical model is used to balance the trade off
between average expected return of selected stocks
in a portfolio and the risk associated with selecting
these stocks, it is important here to describe the
constraints that hold the risk limits.

3.1.1. Correlation. In some instances, the objective
of studying the joint behavior of two stocks is not to
use one stock to predict the other, but to check
whether they are related. Naturally speaking, stock A
and stock B would have a positive relationship, if
large A’s are paired with large B’s and small A’s are
paired with small B’s. Similarly, if large A’s are
paired with small B’s and small A’s are paired with
large B’s, then a negative relationship between the
stock is implied. This is actually studied by computing
the correlation between the stocks that are selected in
the portfolio. It is required to limit the selected stocks
to predetermined bounds. This definitely helps in
avoiding a sudden collapse of the portfolio.

3.1.2. Variation. One way for evaluating the
investment risk in a stock is to check its variability.
There is no doubt that for two stocks with similar
expected returns, it is more safe to invest in the one
that has less variation. This is the main reason for
restricting the average standard deviation of the
portfolio to values less than or equal to the average
standard deviation of the market in the previous
period. Furthermore, an additional constraint is set
to limit the standard deviation of each selected
stock in the portfolio.

3.1.3. Portfolio size. It is crucial to identify the
required number of stocks that the portfolio
contains. The “Dow ten” provides a pattern for this
constraint. The number of stocks to be selected in
the portfolio is bounded by setting the range from 5
to 15 stocks (+/- 50% of 10 stocks). The model is
also capable of bounding the number of stocks in
each sector separately.

Before closing this subsection, an important remark
must be made concerning the other common risk
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measures, such as the tail risk measures, that might
be used in the portfolio optimization. It is
statistically recognized that when the distribution of
returns is assumed to follow a normal pattern, the
probability that returns will move between the mean
and three standard deviations, either positive or
negative, is 99.97%. However, the concept of tail
risk suggests that the distribution is not normal, but
skewed, and has fatter tails. The fatter tails increase
the probability that an investment will move beyond
three standard deviations. Instead of standard
deviation, many other tail risk measures might be
applied in our models according to the nature of the
stock market in which the portfolio mathematical
models are used. Among the most important ones
are the Value at Risk (VaR) measure and its updated
version — the Conditional Value at Risk (CVaR)
measure. CVaR might be incorporated in our model
if the objective is to evaluate the portfolios’ risk in a
very conservative way. Technically speaking, CVaR
focuses on the less profitable outcomes by
controlling a parameter value of g. For high values
of ¢ it ignores the most profitable but unlikely
possibilities, for small values of ¢ it focuses on the
worst losses. On the other hand, unlike the
discounted maximum loss even for lower values of
q expected shortfall does not consider only the
single most catastrophic outcome. A value of ¢
often used in practice is 5%. Excellent theoretical
and practical coverage of both VaR and CVaR
concepts is done by Rockafellar and Uryasev (2000)
and Rockafellar and Uryasev (2002).

3.2. Mathematical model. Prior to a detailed
presentation of the mathematical formulation, we
summarize the notations that are used in the model:

i — index of stocks;

s — index of sectors;

N — set of all stocks in KSE;
M — set of sectors in KSE;

“ 2,

M, — set of stocks in sector

— decision variable: binary variable which equals
1f the stock “i” in sector “s” is selected in the
portfoho, and equals 0 0therw1se,

[3P%1)

r;s — expected return of stock “i” in sector s
determined by historical data (past 2 periods for the
MA technique “Model A” and 8 periods for the RW
technique “Model B”);

u 2

P4 — correlation between the stocks “i” in sector

“s” and stock “j” in sector “g”;

o; s — standard deviation of stock “i” in sector “s”;
UB,— upper bound for the portfolio correlation;
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UB,s — upper bound for the portfolio average
standard deviation (market average standard
deviation in the previous period);

UB,; — upper bound for the standard deviation of
each stock separately;

UBr & LBy — maximum and minimum number of
stocks in the portfolio;

UBs & LBs — maximum and minimum number of
stocks in sector “s”

The mathematical formulation is presented below:

> Yo

_s=1 =l
M Ms (1)

PIDILH

s=1 i=l

max z

subject to

Ms M Ms
Z > 3 S <UBY S @)
i=1

gzs i=l )i s=1

M Ms
2 250, < mZ me 6

x,,0,,<UB, VieN,seM, 4)
M Ms

LB, <> >'x,, <UB,, (5)
Ms

LB <> x, <UB, VseM, (6)

x,, ={0.1} VieN,seM. (7)

Equation (1) represents the objective function of the
mathematical model to maximize the average expected
return. This is achieved by dividing the total portfolio
expected return by the number of selected stocks.
Constraint (2) guarantees that the average correlation
of the selected stocks cannot exceed an upper bound.
Constraint (3) assures that the average standard
deviation of the selected stocks in the portfolio may
not exceed the average standard deviation of the
market in the previous period. Constraint (4) identifies
a standard deviation limit for each stock separately.
Constraint (5) limits the portfolio size in terms of the
number of the selected stocks to be between lower and
upper bounds. Constraint (6) provides a capability to
force the portfolio to include some stocks, between
lower and upper bounds, from any sector in the
market. Constraint (7) describes the decision variables
of the model as binary variables.

Two mathematical models are generated by the
above formulation according to the way the
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expected return is determined. Model A measures
the expected return by the moving average
forecasting technique, while Model B measures the
expected return by the random walk forecasting
technique. Both models, which turned to be non-
linear, are solved using a tailored tabu search
heuristic algorithm to provide efficient solutions
with reasonable amount of computational times.

3.3. Tabu search algorithm. As indicated in the
flow chart in Figure 1, the tabu search algorithm in
the initial iteration (t = 0) gets a feasible portfolio
“P,(0)” consisting of “n” stocks, using a quick
enumeration. At this stage, the objective function is
not given a priority, since the goal is to look for any
feasible solution that satisfies all the constraints
described in the mathematical model. The feasible
solution is then improved by an efficient and smart
searching technique utilizing the tabu memory,
which is created to avoid getting trapped by any
cycles and local minimums. The concept of
neighbor solutions (portfolios) plays an important
role in TS and it is crucial here to define it. Two
portfolios are neighbors to each other when they
both contain the same number of stocks (n) and both
have (n-1) stocks in common. For example, P/={q,
b, ¢, d, e} and P2={a, h, ¢, d, e} are neighbors to

each other since they both contain 5 stocks and have
4 stocks in common.

In each iteration, the TS algorithm evaluates all the
feasible non-tabu neighbor portfolios to the current
one. The best neighbor portfolio is selected for the
next iteration regardless whether it is better than the
current approximate optimal or not. On the other
hand, the approximate optimal is updated if a better
portfolio is found in each iteration. To avoid cycling
in one region, the tabu memory keeps a record for
the latest moves so that they will not be visited
again for an identified number of iterations. To
evaluate different portfolio sizes, the procedures
might be repeated for each size (LBr<n < UB7) and
ultimately the best portfolio (in terms of size and
objective function) is selected.

In addition to the problem size factor in terms of N
and (LBr < n < UBp), the experimental
computational time of TS also depends on the
identified maximum number of iterations “t,,,,~ and
the tabu memory maximum iterations “tabu,,,,”. The
experimental tests in this research is done using 1.5
GHz machine with 512 MB of RAM. In all the
experimental runs, the PC time did not exceed 5
minutes when we set #,,,, = 100 and fabu,,,, = 10.

| n=LBt

v

P, *=Py(0)

Initial feasible portfolio P,(0)

Tabu List is empty and t=0

Yes

—

For P,(t),

find the Neighborhood set S Stop

v

P,* is an approximate optimal

Select the best non-tabu feasible
neighbor portfolio P,(t+1)

P,* remains unchanged

i

o

P,*=P,(t+1) |

s P,(t+1) better than
P,*? Yes

- Remove from the tabu list any portfolios that have
been on it for a sufficient number of iterations
- Add the current portfolio to the tabu list

{

-

t=t+1

For all n values,
Select the best P, *

n=n+1

-

Fig. 1. Tabu search flow chart for the portfolio optimization
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4. Experimental tests

Data were collected from the KSE for five historical
years. The data included date, stock name, sector
name, stock price, and market index. The KSE consists
of a number of companies that are categorized,
according to their business, under 8 main sectors. The
names of the main sectors and the number of
companies in each one are shown in Table 1.

Table 1. Sectors and number of companies in the KSE

Sector Number of companies
uB 8
Investment 14
Insurance 4
Estate 8
Industry 14
Services 11
Food 4

Table 2. Constraints parameters considered in the

models
Parameter Value
UB 05
UBms Market average in the previous period
UBsg 0.3
LBt & UBr 5and 15
LBs & UBs 0 and max number of stocks in s

The numbers below vary over time, due to either
new companies entering or out of business
companies leaving the stock market. The considered
companies in this research are the ones that are
sufficiently represented, data-wise. The models are
tested by applying quarterly basis and annual basis
strategies. In each one, the portfolios generated by
the models are compared to the market return in the

same time interval. The constraints parameters used
in the model are shown in Table 2.

4.1. Quarterly basis strategy. The optimization
models are tested using real data from the KSE for
the time period from year 1994 until year 2001. The
models use historical data consisting of 8 periods
(quarters) for the eligible companies in the current
market (companies with sufficient historical data) in
order to estimate the model’s parameters such as
correlation, standard deviation and expected return.
The portfolio is generated on a quarterly basis and
compared to the market index. Table 3 shows the
standard deviation and actual return for the market,
Model A and Model B respectively. As shown in the
table, the periods are categorized into over-market
periods and under-market periods, according to their
performance comparing to the market. The over-
market periods are the ones when the generated
portfolio provides better return than the market while
the under-market periods are the ones when the
market provides better return than the selected
portfolio. Model A generated 5 over-market periods
which are periods 1, 2, 3, 4 and 5, while Model B
generated 4 over-market periods which are periods 2,
3, 4 and 6. In addition to the number of times that the
market is beaten, it is also important to consider the
percentage value over or below the market illustrated
by Figure 2. On the other hand, the models provide
low risk with respect to the average standard
deviation. This does not come as a surprise since there
is a constraint in the model, restricting the generated
average standard deviation to be less than or equal to
the market average standard deviation in the previous
period. Another important remark from Figure 2 is
that the models are beating the market while at the
same time they are following its growing trend.

Table 3. Quarterly basis strategy performance measures

Investment
Period

Market

Model A Model B

Standard

L Return
deviation

Standard
deviation

Standard

L Actual return
deviation

Actual return

Q1: 3/00-6/00

14.2% 2.76%

13.6%

13.60% 10.9% -1.00%

Q2: 6/00-9/00

15.5% 1.98%

14.17%

2.00% 11.0% 3.00%

Q3: 9/00-12/00

14.3% -6.65%

15.4%

-4.50% 10.9% 1.00%

Q4: 12/00-3/01

13.9% 7.86%

14.26%

17.30% 9.9% 10.80%

Q5: 3/01-6/01

13.9% 15.89%

13.4%

35.80% 9.9% 14.80%

Q6: 6/01-9/01

16.0% -5.04%

13.4%

-10.40% 12.3% -4.00%

Q7:9/01-12/01

16.1% 6.81%

15.7%

3.60% 11.5% 3.60%

4.2. Annual basis strategy. The performance of the
models presented in the previous strategy can be
improved significantly when the annual basis
strategy is used. In the annual basis strategy, the
models generate and accumulate four quarterly basis
portfolios in the year and the comparison is done
annually between the market and the two models.
Note that the portfolios are generated in a way si-
36

milar to that of the quarterly basis strategy. In other
words, the money invested at date 3/00 cannot be
retrieved until 3/01 even though there are four
portfolios that are generated in between. For
example, if $100 is invested in 3/00, it becomes
$113.6 in 06/00, $115.9 in 09/00, $110.7 in 12/00,
and $129.8 in 03/01 which is the end of one year.
Hence the return of Model A is 29.8% from 3/00 to
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Fig. 2. Accumulating portfolios

3/01 as compared to the market compounded return
during the same period of time, which is 5.5%.
Table 4 and Figure 3 present a comparison between
the two models and the market for 4 investment

generated portfolio with regard to the correlation
and number of selected stocks.

Table 4. Annual basis strategy performance

. . . . measures
periods. It is particularly important to note here that
the models always provide a portfolio with low risk Investment Market Model A Mode! B
compared to the market with respect to the average period return return return
standard deviation since there is a constraint in the | 3/00-3/01 5.5% 29.8% 14.1%
model formulated specifically for this purpose. | 8/00-601 19.0% 55.2% 323%
Furthermore, note that the model has other 9/00-9/01 10.8% 36.3% 23.3%
constraints for the purpose of limiting the risk of the | 12/00-12/01 26.8% 47.9% 265%
60.0%
50.0%
40.0%
c
5
o} B Market
< 30.0% ] @ Model-A
= s D Model-B
Q I
<
20.0% p—
10.0% 7
0.0%
1 2 3 4
Year

Fig. 3. Annual strategy performance measures

Table 5 shows the selected stocks in each of the seven
generated portfolios (Model A). For each quarter, the
information includes the sector from which the
company is selected, name of the chosen company and
expected return of the company during the quarter,
using the moving average forecasting technique, and

standard deviation during the previous 8 quarters,
and actual return of the company for the same
quarter. For simpler comparison, we provide, at the
bottom of each section of the table, an average of
each statistical measures. Moreover, the average
correlation of the portfolio is shown in the table.

Table 5. The selected portfolios generated by Model A

Period 1
(03/2000-06/2000)
Corr=0.10

Sector Company Expected Return Standard deviation Actual return
Banks Khalej 0.7% 6.6% 8.9%
Investment Sahel -0.5% 5.8% 5.1%

37



Investment Management and Financial Innovations, Volume 5, Issue 2, 2008

Table 5. The selected portfolios generated by Model A (cont.)

Sector Company Expected Return Standard deviation Actual return
Period 1 Investment Al-Awsat 13.7% 21.1% 51.9%
(03/2000-06/2000) Industry Portland 8.0% 15.1% -8.3%
Corr=0.10
Industry Khrasana 14.4% 20.4% 10.7%
Average 7.3% 13.8% 13.7%
Expected Standard Actual
Sector Company .-
return deviation return
Banks Watani 3.3% 8.5% 17.2%
Period 2 Banks Khalej 3.2% 7.2% 8.1%
(06/2000-09/2000)
Investment Sahel 2.0% 6.3% -3.8%
Corr=0.43
Industry Warageia 28.7% 22.2% -3.0%
Industry Khrasana 22.3% 26.5% -8.4%
Average 11.9% 14.1% 2.0%
Expected Standard Actual
Sector Company L
return deviation return
Banks Awsat 12.0% 9.7% -6.1%
Period 3 Investment Sahel 0.6% 6.0% 2.0%
(09/2000-12/2000) Indust Caibellat 4.8% 10.2% 1.2%
Corr = 047 ndustry aibellaf -4.8% 2% 2%
Services Petroleia 43.7% 25.5% -12.0%
Services Arabi 34.2% 25.6% -1.4%
Average 17.1% 15.4% -4.5%
Expected Standard Actual
Sector Company s
return deviation return
Banks Watane 7.9% 9.8% 21.6%
Period 4 Banks Khalej 6.8% 7.6% 12.2%
(12/2000-03/2001) —
_ Banks Tejari 8.8% 13.4% 26.9%
Corr=0.49
Investment Tashelat 13.6% 11.4% 25.9%
Industry Bahreia -1.5% 29.2% 0.0%
Average 7.1% 14.3% 17.3%
Expected Standard Actual
Sector Company .
return deviation return
Investment Tashelat 17.6% 11.4% -8.2%
Period 5 Insurance Ahleia 6.2% 12.8% 5.3%
(03/2001-06/2001) Indust Kh 16.9% 18.6% 11.8%
Corr = 0.45 ndustry rasana .9% 6% 8%
Industry Motaheda 14.5% 19.0% 170.0%
Food Agtheia 15.0% 5.2% 10.8%
Average 14.0% 13.4% 35.8%
Expected Standard Actual
Sector Company .
return deviation return
Banks Awsat 29.2% 16.4% -16.9%
Period 6 Industry Caibellat 5.7% 8.8% 2.1%
(06/2001-09/2001) . " ;
Corr =047 Industry Khrasana 22.1% 18.8% -21.1%
Food Mwashe 18.9% 14.6% -25.0%
Food Agtheia 16.5% 8.3% 8.7%
Average 18.5% 13.4% -10.4%
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Table 5. The selected portfolios generated by Model A (cont.)

Expected Standard Actual
Sector Company L
return deviation return
Bank Khalej 8.1% 6.5% 1.6%
Period 7 Insurance Ahleia 90.0% 11.5% -3.9%
(09/2001-12/2001)
Corr = 0.30 Estate Motaheda 25.8% 18.7% 10.7%
Services Mkhazen 23.5% 18.0% -5.6%
Food Asmak 21.4% 23.9% 15.1%
Average 33.8% 15.7% 3.6%

Conclusion and future work

A tailored tabu search heuristic algorithm is
introduced in this paper to solve two mathematical
models for balancing the trade off between the risk
and return involved in the portfolio optimization
problem in emerging stock markets. It has been
shown, as a major contribution of this paper, that a
mathematical model can identify a stock portfolio
that is able to outperform the KSE market index in
terms of risk and return. Another concluding remark
of this research is that although Model A in the
quarterly basis strategy provided an optimized
portfolio that did not outperform the market index in
2 out of 7 quarters, the annual basis strategy
outperformed it for all four tested years. The introdu-

ced Model A has significantly outperformed the
market in all of the tested four years when the
annually basis strategy and moving average rule are
used. Also, it is noticed that the market is beaten by
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