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Abstract

It is not far fetched to see that investing in a portfolio of risky assets is wiser than investing
in a single risky asset. Portfolio optimization is a well established technique in investment
science to formulate a portfolio in an optimal way. Portfolio optimization models aim to
pick few assets (risky) among many available to meet the investment goals which revolve
primarily around return (in future) and risk (uncertainty in return). In such problems, return
being a random variable is estimated by the mean value of its distribution but the daunting
task is to measure the risk of uncertainty that exists in investment. Risk depends not only
on the shape of the return distribution but also on the risk profile of an investor. Every
investor strives hard to attain an optimal relationship between return and risk by taking the

best combination of assets (optimal wight allocation) among infinite admissible portfolios.

The core issue in portfolio optimization is to describe a preference order to rank the port-
folios. Broadly, there are three ranking methods in the literature: the expected utility maxi-
mization, the mean-risk optimization, and the stochastic dominance criterion. The expected
utility maximization is the oldest ranking method of choice under risk. In this framework,
each random variable is map to a scalar (the expected utility), and ranking is done with larger
scalar value preferable. In mean-risk framework, the ranking is build on two statistics, mean
value and risk value. The preference order is defined in terms of non-dominant (or efficient)
solutions. The stochastic dominance (SD) ranking is inspired from the majorization theory
of statistics. The first order stochastic dominance (FSD), second order stochastic dominance
(SSD) and third order stochastic dominance (TSD) have practical applications in economics
for their alliance respectively with rational, rational risk averse, and rational risk averse and

ruin averse investors, respectively.

This thesis extends some of the available portfolio optimization models by including the risk
propensity of an investor by several means. In the traditional mean-risk framework, all infor-
mation from the return distribution is reflected using only two parameters and thus loosing
out on many important characteristics. For example, ranking based on a single risk measure
is not appropriate for investors to whom hedging against the worst outcomes (or losses) is
as important as achieving the threshold target. Therefore, we propose to combine the semi-
mean absolute deviation measure (to minimize the deviation around the mean return) with
minimax measure (to minimize the maximum loss) in the portfolio optimization model. In
the same spirit, we extend the Omega ratio (a performance index of the ratio of overdevi-
ation from the given threshold point to the underdeviation from the same threshold point)
optimization by adding an explicit risk constraint in its model with an upper bound on risk

measure(s) to reflect the risk tolerance of an investor. On another instance, we replace the

v



vi ABSTRACT

constant threshold point in Omega ratio by the conditional value-at-risk at o confidence level
(to control the large losses) as a stochastic target to provide a rational flavor in selecting the
threshold point while minimizing the risk of large losses.

Other than mean-risk ranking, we also study the preference ranking based on SSD rule. We
present two applications of SSD rule in portfolio optimization. In first one, we propose
to include financial ratios in portfolio selection process and preference among portfolios are
determined by SSD rule in constraint. In another instance, we propose an optimization model
in the domain of enhanced indexing (a portfolio strategy to outperform the benchmark index
in sense of a high mean return) with relaxed SSD criterion in the constraint. A tradeoff is
created between the tolerable violation in the SSD criterion and higher mean return, thereby
creating a portfolio with overall higher utility than the benchmark index.

Finally, we propose to include the market news of a stock price hitting its 52-week high point
along with its company’s past performance (in terms of profit) in portfolio selection strategy.
Such momentum strategies are active portfolio strategies designed to get benefit out of the
weak efficient form of the underlying markets. The proposed strategy is found to perform
significantly better in the bearish scenarios and thus succeeded in hedging the risk of large

losses.
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