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Abstract We consider expected return, Conditional Value at Risk, and liquidity criteria
in a multi-period portfolio optimization setting modeled by stochastic programming. We
aim to identify a preferred solution of the decision maker (DM) by obtaining information
on her/his preferences. We use a weighted Tchebycheff program to generate representative
sets of solutions. Our approach models the stochasticity of market movements by stochas-
tic programming. Working with multiple scenario trees, we construct confidence ellipsoids
around representative solutions, and present them to the DM for her/him to make a choice.
With each iteration of the approach, an increasingly concentrated set of ellipsoids around
the DM’s choices are generated. The procedure is demonstrated with tests performed using
stocks traded on Borsa Istanbul.

Keywords Portfolio optimization - Stochastic programming - Interactive weighted
Tchebycheff procedure

1 Introduction

Portfolio optimization (PO) is the problem of choosing between available investment instru-
ments in the financial market. Examples of these instruments are stocks, bonds, mutual funds,
options and deposit accounts. The decision maker (DM) of the problem, the investor, may be
personal or corporate. The primary goal is to maximize the wealth resulting from the invest-
ment; but the uncertainty of financial markets complicates the problem. Since Markowitz
(1959) pioneered the Modern Portfolio Theory, it has been an active field in finance. The
classical mean-variance portfolio model has two objectives: maximizing expected return in
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terms of weighted expected returns of financial securities, and minimizing portfolio risk in
terms of variance of return.

Following the parametric approach of Markowitz to the mean-variance portfolio model,
several other approaches were proposed for PO. Initially, the primary concern was to make
the risk objective easier to handle. The covariance matrix was diagonalized to decrease its
density for reduced computational complexity. Linear risk measures were also proposed.
One of the most popular was Mean Absolute Deviation (MAD) by Konno and Yamazaki
(1991). In this measure, risk is defined as the absolute deviation from the mean return.
Other researchers like Konno (1990) and Michalowski and Ogryczak (2001) studied varia-
tions of MAD where only downside deviations are considered and bigger ones are penalized
more. Mansini et al. (2003) provided an overview of linear programming-solvable models
for PO. They looked into several linear risk measures like variations of MAD, Conditional
Value at Risk (CVaR), Gini’s Mean Difference and minimax risk. CVaR is a measure of
extreme losses; and its use in the portfolio literature has increased lately. Mansini et al.
(2007) studied linear programming models for PO that are related to CVaR. Ogryczak and
Ruszezynski (2002) justified CVaR as a suitable risk measure by showing that it is consistent
with the second degree stochastic dominance and it has attractive computational proper-
ties.

As the literature on PO expanded, needs of unconventional investors had to be taken into
account. Steuer et al. (2006) argued that there are investors who would like to consider several
additional criteria besides return such as dividends, liquidity, social responsibility, turnover
and amount of shortselling. Moreover, risk of the portfolio can be modeled with multiple
measures. Multiple Criteria Decision Making (MCDM) has therefore been a valuable tool
in the developing PO theory. A popular approach to solve PO with two or more objectives is
to compute a number of discrete efficient points to represent the efficient frontier. With the
e-constraint method of Haimes et al. (1971), one of the objectives is optimized by systemati-
cally changing the levels of the remaining ones. There are also variations such as in Ballestero
and Romero (1996) and Bana e Costa and Soares (2004) where, rather than generating a sam-
ple from the whole frontier, they generate certain discrete points with desired characteristics.
More recently, Roman et al. (2007) used expected return, variance and CVaR criteria. They
used the e-constraint method by treating variance as the objective and the other two crite-
ria as constraints. Xidonas et al. (2011) considered expected return, MAD, dividend yield
and market risk in a PO problem with complicating constraints on portfolio compositions.
Binary variables included in some constraints led to a multiobjective mixed-integer model
that was solved with the augmented e-constraint method. To guide the DM to her/his most
preferred solution among the set of solutions generated, they applied an interactive filtering
procedure. Xidonas et al. (2010) added two criteria to this study: relative price/earnings ratio
and marketability. Fang et al. (2009) also employed the e-constraint method to generate effi-
cient solutions with the criteria of transaction costs-adjusted expected return, semi-absolute
deviation and a fuzzy liquidity measure of turnover rates of securities. $akar and Koksalan
(2013a) studied the effects of multiple criteria on PO using expected return, variance, CVaR
and liquidity criteria. They also considered constraints on the weights of securities and the
number of securities contained in the portfolio; and looked into the effects of these on the
results.

Stochastic programming (SP) models have been used to explicitly account for the uncer-
tainty of portfolio outcomes, and also to handle multi-period PO problems. Generally speak-
ing, SP involves mathematical programming models to handle problems that involve uncer-
tainty. We discuss SP in the context of our approach in the next section. Ballestero (2001)
proposed a stochastic goal programming model to mean-variance PO and utilized the con-
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nection between classical expected utility theory and linear weighted goal programming
model under uncertainty. Abdelaziz et al. (2009) also proposed a stochastic goal program-
ming approach to PO by utilizing discrete scenarios on equities that are generated from a
number of historical observations. They used one deterministic and four random objectives;
and measured the deviations from the goals of the random objectives for each scenario. Aouni
et al. (2005) included DM’s preferences in a stochastic goal programming model by means
of satisfaction functions. They applied their model to portfolio selection with stocks from
the Tunisian stock exchange. Abdelaziz et al. (2007) proposed a new deterministic formu-
lation to multicriteria SP by combining compromise programming and chance constrained
programming models for PO. They considered rate of return, exchange flow ratio and the risk
coefficient as criteria. Ibrahim et al. (2008) studied single-stage and two-stage SP models that
minimize maximum downside deviation. They treated past returns of stocks as equiprobable
scenarios. Yu et al. (2004) used SP in the bond market with a dynamic model of maximiz-
ing the difference between the expected wealth at the end of the investment horizon and
the weighted sum of shortfall cost. Giilpinar et al. (2003) considered transaction costs with
four asset classes, a number of liabilities and riskless assets. They minimized risk for given
wealth levels and experimented with different numbers of scenarios. Pinar (2007) developed
and tested multistage PO models using a linear objective composed of expected wealth and
downside deviation from a target. He used a simulated market model to randomly generate
scenarios. Balibek and Koksalan (2010) developed a SP model for a multicriteria public debt
management problem, which can be considered as a reverse PO problem. They generated
scenarios on multiple factors by utilizing vector autoregressive models. Yu et al. (2003) pro-
vided a survey on SP models in financial optimization. They provided an introduction to
SP and discussed SP models for asset allocation, fixed-income security management and
asset/liability management problems.

In multicriteria problems, the DM has a set of efficient solutions to choose from. Unless
she/he is provided a form of guidance, this choice can be difficult. The DM can be included
in the optimization process through an interactive approach. Balibek and Koksalan (2012)
developed an interactive approach to stochastic multicriteria problems in the context of public
debt management. Their method makes use of the Visual Interactive Approach of Korhonen
and Laakso (1986).

In this study, we develop an interactive approach to a SP-based PO problem with three
criteria: expected return, CVaR and a measure of liquidity. Our approach addresses several
important issues related to PO. Specifically, it captures the multi-period and multiple cri-
teria aspects, it incorporates the preferences of the DM interactively, and it represents the
future behavior of markets well. We utilize SP to make multi-period decisions regarding the
portfolio compositions. We employ stocks as financial securities, and utilize discrete sce-
narios in three-month PO settings. In our scenario trees, the utilization of larger number of
scenarios represents the market behavior better, but results in increased complexity. Hence,
we first generate a large number of scenarios and then cluster them. We also account for
the stochasticity of our solutions that occur as a result of the randomness involved in the
scenario generation process. The DM is integrated into the decision process by adopting the
interactive weighted Tchebycheff procedure of Steuer and Choo to our problem (see Steuer
1986, pp. 419-455).

The paper is organized as follows: Sect. 2 covers the basics of SP and our SP approach to
multicriteria PO. In Sect. 3, we introduce our interactive approach and provide results of our
experiments with stocks from Borsa Istanbul (BIST). We conclude in Sect. 4.
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2 The stochastic programming approach to portfolio optimization

SP approaches consist of models to handle problems that involve uncertainty. In PO context,
this uncertainty is a result of the behavior of random parameters that affect the portfolio
outcome. If these random parameters can be represented by discrete distributions, SP can
work with scenario trees. These scenario trees model the future movement of problem-
related factors by assigning probabilities to different possible outcomes. A general scenario
tree starts with a set of initial possible outcomes for the first period; and then continues with
future periods with possible outcomes conditional on the realizations of the previous periods.
When all periods of the planning horizon are accounted for, we obtain a scenario path for each
chain of realization with a corresponding probability. Scenario trees have nodes from which
possible branches grow. The DM is expected to make decisions at these nodes evaluating the
information that became available on past realizations and the possible future evolution of
factors.

Our SP approach deals with a multi-period multicriteria PO problem where stocks are
considered as investment options that have uncertain future progress. We consider expected
return, CVaR, and liquidity criteria in our approach and make use of discrete scenarios on
a stock market-representative index. Our model provides us with portfolio decisions for the
whole planning horizon. We build upon our original approach in Sakar and Koksalan (2013b).
We review that approach in Sects. 2.1-2.3. We further improve the efficiency of the approach
in Sect. 2.4 by developing clustered scenarios.

2.1 Scenario generation

Scenario generation is a fundamental component of SP and it has been studied by several
researchers. Yu et al. (2003) discussed three approaches to scenario generation: bootstrap-
ping historical data utilizes random historical occurrences of asset returns; time series analy-
sis estimates volatilities and correlation matrices of assets using historical data; and vector
autoregressive models capture the progress of multiple time series that have interdepen-
dencies. Guastaroba et al. (2009) limited their study to single-period PO; and studied and
compared historical data technique, bootstrapping technique, block bootstrapping technique,
Monte Carlo simulation techniques and multivariate generalized ARCH process technique.
They found that historical data technique gives comparable results despite its simplicity.
Dupacova et al. (2000) discussed random walk models, binomial and trinomial models and
autoregressive models to generate scenario trees for multi-stage stochastic programs. Hoyland
and Wallace (2001) proposed a method that generates a limited number of discrete scenarios
that possess DM-specified statistical properties; and they implemented it with single and
three-period scenario trees.

Our scenario generation technique is a result of our conclusions and assumptions about
financial markets in general and the Turkish Stock Market (TSM) in particular. Several
researchers and finance practitioners have tried to understand and predict the behavior of
financial markets. The question of whether the progress of financial securities’ prices can be
predicted is related to the efficient market hypothesis. Basically, efficient market hypothesis
argues that prices of securities cannot be predicted with gathering information about the
financial market, because such information is already reflected in prices. No investor can
earn abnormal profits by studying the trend of prices or factors that are assumed to affect
prices. Numerous researchers tested financial markets for efficient market hypothesis, see
for example Lo and MacKinlay (1988), Poterba and Summers (1988), Fama and French
(1993) and Seyhun (1986). We consider the most common result to be that, even if there are
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some opportunities for predicting the market, the time, energy and cost required to exploit
these opportunities level off abnormal profits. Random walk models are closely related to
market efficiency. They argue that if information related to prices is already accounted for,
the change in the price of a security for the next period can only be random. We refer the
reader to Campbell et al. (1997) for models and tests of random walk hypotheses, and Bodie
et al. (2009) for detailed discussions on efficient market hypotheses, their tests and random
walk models.

Tests of market efficiency and random walk models offer mixed results for the TSM.
Smith and Ryoo (2003), Buguk and Brorsen (2003) and Odabasi et al. (2004) confirmed
random walk behavior for the TSM. Based on these studies and also our observations about
the progress of Turkish stock prices, we assume that the TSM follows a random walk model.

To keep our scenario trees computationally manageable, we generate scenarios on the
return of a market-representative index and then derive individual stock returns from the
index return by using the Single Index Model. This model relates the return of assets to a
common macroeconomic factor using historical data and regression analysis. Since we use
stocks as securities, a representative BIST index, BIST-100, is used for this purpose. The
regression equation for the Single Index Model is:

ri (t) = + Birm (1) + e (1) ey

where r; (t) and rj; (¢) are the returns of security i and the market-representative index at
time ¢, respectively, 8; and «; are the sensitivity to the index and individual return premium
of security i, respectively, and ¢; is the zero-mean, security-specific surprise in the return of
security i

The expected value of (1) is given by:

E(r;)) =a; + Bi.E (ry) ()

We estimate the alpha and beta values of securities by regression, and estimate individual
stock returns using these and scenarios on the return of BIST-100.
The random walk model we use to generate scenarios on the return of the BIST-100 index
is:
rn=p+oe e~N(OT 3

where r; is the return of the index and e, is a standard normal error term at time ¢, w is the
mean and o is the standard deviation of the return of the index. We use constant variation as it
is supported by empirical evidence from BIST. Normal distribution is frequently used in the
literature for asset returns and we observe that the historical return distribution of BIST-100
is in line with the applications in the literature.

In our scenario generation procedure, (3) is used to generate BIST-100 returns for each
branch of the scenario tree by using random sampling from the error term; and individual
stock returns on these branches are derived from the index return by (2).

2.2 The criteria

We consider three criteria: expected return, liquidity and CVaR. The procedure to model
expected return is discussed in the previous section. We use monthly percentage returns of
stocks and BIST-100 for the random walk model and the Single Index Model. Liquidity can
be defined as the degree to which a security can be traded swiftly within fair price levels. Sarr
and Lybek (2002) review several liquidity measures. We use a turnover ratio as our liquidity
measure: the number of shares of stocks that are traded in a fixed time unit divided by the
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publicly outstanding number of shares of that stock. We use the most recent month for the
number of outstanding shares of stocks and take the daily average number as the number
of shares traded. Our last criterion is a risk measure of extreme losses, CVaR. CVaR at A
probability is the expected value of losses in the worst (1-1) of probable cases. When we are
working with discrete scenarios, CVaR can be optimized using a linear programming model
as given in Rockafellar and Uryasev (2000). In line with their discussions, the following
model can be used to optimize CVaR in the presence of discrete scenarios on stock returns:

1 q
Minimize 7 + > aspy “4)
(1=2) s=1
ag > —xTrd — 1 Vs=1,..., ¢ 5)
az >0 Vs=1,...,¢q (6)

where x is the vector of proportions of stocks in the portfolio and r* is the vector of stock
returns in scenario s, ps and ay are the probability and auxiliary variable corresponding to
scenario s, respectively, and 7 is an auxiliary variable used to find excess losses.

2.3 The stochastic programming model

The mathematical model for our SP approach that we present here is taken from Sakar and
Koksalan (2013b), where we used it with the e-constraint method to present the DM a discrete
representation of the efficient frontier.

Parameters:

1 set of all stocks

S set of all scenarios

N set of all nodes in the scenario tree

ng the final node of scenario s € S

n' immediate predecessor node of n € N

R(n) set of all predecessor nodes of n € N

m(n’, n) market return corresponding to branch between nodes n” and n

p(n’, n) probability corresponding to branch between nodes n’ and n

Pn probability of the partial scenario up tonode n, where p, = p,.p (n,n) VneN,
n = 0 is the root node of the scenario tree, and pg = 1.

lig; liquidity value of stock i € I

A probability level for CVaR

D number of periods in the scenario tree

Decision variables:

VaR Value at Risk value
Xni allocation of stock i € I atnoden € N\ {ns : s € S}

Structural variables:

Ret value (return) obtained if scenario s is realized, s € S
liquidity, resulting liquidity if scenario s is realized, s € S
auxg auxiliary variable corresponding to scenario s € S
Max z; = anx.Rets )
seS
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Minz = VaR + | — > ) ®)
nz =Va T—x DPn, -GUX;
seS
Max z3 = me diquiditys )
sES
D xwi =D xpill o+ pim@'.n)  ¥ne N\({0}U{n,:s€Sh (10)
iel iel
Rety = )" xyi(1 + o + fimni,ny)) VseS (11)
iel
auxg > 1 — Rety — VaR VYse€S (12)
. xiidigi)
liquiditys = 2kern) Z;’ D yses (13)
> xoi=1 (14)
iel
Xpi >0 VneN\{ns:s€S8},iel (15)
auxg >0 VseS (16)

For the expected return criterion, we maximize the compounded return over all periods.
With (14), we choose the initial percentages of stocks. (10) ensures that we allocate the ending
value of each node, except for the final stage nodes, to stocks chosen at its successor node. (11)
gives the values of final nodes, thus the ending values of scenarios. With (7), we maximize
the expected value of the scenario tree, and z; —1 gives the compounded expected return over
all periods. (8), (12) and (16) are adopted from the CVaR model (4)—(6). (12) and (16) makes
use of auxiliary variables to account for the excess loss of each scenario, and (8) gives the
CVaR value. In (13) we calculate the weighted sums of the liquidity measures of the stocks
for nodes of each scenario, and then use their average as the liquidity measure corresponding
to that scenario. (9) gives the liquidity criterion in which we take the weighted sum of the
liquidity measures of scenarios by their corresponding probabilities. In sign restrictions of
(15), we exclude the final nodes from the set of stock allocation decision variables since these
nodes are the ending points of scenarios and no decisions are made at those points.

2.4 Scenario clustering

In our SP approach, we use scenario trees to model the stochasticity of the TSM. Each
scenario represents a possible path of progress for the market-representative index. We now
want to increase the approximation capabilities of our scenario trees to represent the behavior
of the TSM better. For this purpose, we consider generating a large number of scenarios. As
the number of scenarios gets larger, we will have an increased probability of covering all
possible outcomes. However, this approach increases computational complexity. To deal with
this issue we employ a two-stage procedure. We first generate a large number of scenarios,
and then, classify them into clusters based on their similarity. This procedure is adapted from
the SP approach to public debt management in Balibek and Koksalan (2012).

Clustering is basically assigning items to groups so that they are more similar to the other
items in the same group than the ones in other groups. Similarity between items is measured
by a distance metric. We use the K -means algorithm (MacQueen 1967) for clustering. The
K -means algorithm clusters data points into a predetermined number of (K) disjoint classes.
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Table 1 Stability results for unclustered and clustered scenarios

Scenario trees formed without clustering Scenario trees formed with clustering

Estimated Expected return (%) CVaR (%) Estimated Expected return (%) CVaR (%)

Mean 20.7688 —3.6306 Mean 17.6820 —3.0376
St. Dev. 5.6893 3.0508 St. Dev. 1.3382 0.9755

Below is our routine to obtain clustered scenario trees. Let ¢ be the time counter, y be the
number of periods in the scenario tree, ¢ be the desired number of scenario paths stemming
from each decision node, and M be the number of scenario paths to be clustered down to c.

1. Set =0, decide on the values of y, M and c.

2. For each node of time 7, generate M scenario paths on the BIST-100 return with the
random walk model (3) by using random sampling from the error term.

3. Cluster each set of the M scenario paths to ¢ classes.

4. Compute the probability of each scenario path by dividing the number of elements in the

related cluster by M.

Sett =1t + 1 and repeat steps 2to 4 until t = y — 1.

6. Connect the scenario paths of time O to # to form final scenarios covering all periods and
compute their corresponding probabilities.

b

We generate clustered scenario trees that have equal number of branches coming out of each
decision node since we make applications with such trees. Nevertheless, the above routine
can easily be modified so that each node can have a different number of clustered paths.

We compare the quality of clustered scenario trees against scenario trees that are formed
without clustering. For this purpose, we use the measure proposed by Kaut and Wallace (2003)
that tests the stability of the scenario tree generator. They assert that the optimal objective
function values obtained by different scenario trees generated by a certain method should
be distributed with a small variance. That is, the results should be stable across different
replications. For our comparisons, we use the same stock and index data used in Sakar and
Koksalan (2013b). The estimated mean and standard deviation of the BIST-100 index return
that are fed to the random walk model are calculated from the monthly closing prices of the
index during January 2003—June 2010!. The monthly percentage return values of 100 random
stocks from BIST are taken from the period January 2003—December 2009 (see footnote 1)
, and this period is utilized for the regression analysis. For the liquidity measure, we use
the number of shares traded (see footnote 1) and the total number of outstanding shares?
corresponding to December 2010. To obtain clustered scenarios, we set y = 3, ¢ = 5 and
M = 100. We make 50 independent replications with both clustered scenario trees and trees
that are formed without clustering. In each replication, we optimize for the expected return
and CVaR criterion separately. We do not optimize for liquidity since it is independent of the
index return modeled by scenarios. Table 1 shows the estimated mean and standard deviation
of the expected return and CVaR criteria for scenario trees that are formed with and without
clustering. Clustered scenario trees result in about a 76 % decrease in the standard deviation
of expected return, and a 68 % decrease in the standard deviation of CVaR. Hence we achieve
substantial improvement in robustness of scenarios by clustering them.

1 http://borsaistanbul.com/en/data/data/equity-market-data/equity-based-data.
2 http://www.mkk.com.tr/wps/portal/ MKKEN/InvestorServices/eDATACapitalMarketsDataBank.
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3 An interactive approach

With our SP approach covered in Sect. 2, the DM is expected to select an individual solution
among the set of efficient solutions presented to her/him. This may be a difficult decision
considering the possibly large number of solutions. We now develop an interactive multistage
approach to guide the DM towards her/his preferred solutions. DM preferences will be elicited
by the help of the comparison of a limited number of solutions in consecutive iterations.
Our approach is based on the interactive weighted Tchebycheff procedure of Steuer and
Choo (see Steuer 1986, pp. 419-455). This procedure makes use of the augmented weighted
Tchebycheff program which is formulated as follows:

k
Mina+p Y (zf — ) (17)
i=1
st a>wi(zf—z) Vi=1, ...,k (18)
zi = fi (x) Vi=1,....k (19)
xeX (20)

where z* is the ideal vector in the presence of k criteria, w; is the weight of criterion i and
p is a small positive constant used as the augmentation coefficient. This program minimizes
the maximum weighted distance from the ideal point in k criteria.

The augmented Tchebycheff program given by (17)—(20) is a powerful model since it can
generate any efficient solution with appropriately chosen weights. Our procedure requires
the DM to choose among a small number of solutions in each iteration.

3.1 The procedure

Inessence, the Interactive Weighted Tchebycheff Procedure aims to converge the best solution
by eliciting preference information from the DM in consecutive iterations and contracting the
weight space accordingly. We explain the procedure further by discussing its steps briefly.
First, an ideal criterion vector is computed and objectives are normalized. A given number
of random weight vectors are generated for the criteria (initially, they are freely chosen from
the interval [0,1]), and they are reduced to a predetermined number of most-different weight
vectors using a filtering approach. Using each of the resulting weight vectors, (17)—(20) is
solved to determine solutions with minimum weighted Tchebycheff distances from the ideal
point. The resulting solutions are filtered to a preset number of solutions and presented to the
DM. After the DM chooses her/his most preferred solution, the weight vector corresponding
to this solution is determined. Centered around this weight vector, new, narrowed down
ranges for weights of criteria are calculated. Another set of random weight vectors that obey
the new ranges are generated and filtered. Again solving (17)-(20) for each weight vector,
a new set of solutions concentrated in a neighborhood of the previously selected solution is
generated. These are filtered and presented to the DM for her/him to make a selection. This
procedure is continued for a predetermined number of iterations unless the DM wants to stop
prematurely.

We adopt this procedure to include the preferences of the DM to our SP approach. To
make our scenario trees more representative of the TSM, we use clustered scenario trees
that are generated as explained in Sect. 2.4. As another issue, we also want to account for
the stochasticity of our solutions due to the randomness involved in the scenario generation
process as in Balibek and Koksalan (2012). That is, there is randomness in the estimated
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criteria values of each solution due to the randomness inherent in the scenarios. To statistically
account for this randomness, instead of a single scenario tree, we work with multiple scenario
trees and generate confidence ellipsoids around solutions. Observing these ellipsoids, the DM
will have an understanding about the stability of each of the solutions, where the criteria values
of some solutions may have more variation than others. This may affect the DM’s choices. The
DM is asked to choose between solutions represented by the ellipsoids. Another modification
we make to the Interactive Weighted Tchebycheff Procedure is to carry the preferred solution
(ellipsoid) of one iteration to the next. In the original procedure, in each iteration, only new
solutions concentrated around the previously selected solution are presented to the DM. There
is no guarantee that we will proceed to a better solution in each iteration with this procedure.
The solution of the previous iteration may have a better utility value for the DM than the
newly generated solutions. As a remedy, in each iteration, we also present the DM the best
solution obtained so far.

We provide a flowchart of our approach in Fig. 1. We refer to each stage in the flow chart
by a stage number (given in boxes to the left of the stages). N is the number of scenarios
used to construct ellipsoids. V' is the number of weight vectors generated in each iteration
later to be filtered. P corresponds to the sample size of ellipsoids to be presented to the DM.
Let us further explain the mechanisms used in some of the steps.

Instep 1, we generate a large number of scenarios for better market representation purposes
and then cluster them to decrease complexity. In step 4, we use a filtering mechanism to
achieve the most-different weight vectors. The method we use is the Method of First Point
Outside the Neighborhoods (see Steuer 1986, pp. 314-318). This method is also used in step
7, where we filter ellipsoids to determine the ones to present to the DM. The centroids of
ellipsoids are utilized for this purpose. At the first iteration, 2P ellipsoids found with the
weights of the iteration are filtered down to P. At other iterations, the selected ellipsoid of
the previous iteration is added to the top of the list of 2P ellipsoids. Due to the working
mechanism of the filtering method, the first ellipsoid is always retained. As a result, we
ensure that the best ellipsoid so far is not lost and it is presented to the DM at each iteration.

In step 5, for every weight vector filtered, we solve (17)—(20) and obtain N solutions
for each. Utilizing the approach of Balibek and Koksalan (2012), we use these solutions
to construct ellipsoids of their criteria values in step 6. (The reader is referred to Johnson
and Wichern (2002, pp. 210-238) for the theory on constructing confidence regions for
multivariate means.) When the sample size is large, inferences about a population mean
vector can be made without the normality assumption. Large-sample inferences about a
mean vector are based on the x? distribution. Let X j’s (j = 1,...,n) be k-dimensional
vectors sampled from a population with mean p and covariance matrix S. When n — k is
large, n(X — w)'S~N(X — p) is approximately x? distributed with k degrees of freedom.
Thus,

Pln(X—w/'s'X—w < xtn]=1-vy 1)

The above equality defines an ellipsoid which gives a 100(1 — y)% confidence region for
the mean of X ;’s. If we want to build simultaneous confidence intervals for the individual
component means, we can project the ellipsoid on the axes of each component. This gives
us the following 100(1 — y)% simultaneous confidence intervals:

_ Sii .
xiq:,/xkz(y>ﬁ i=1,...,k (22)

where s;; is the variance for component .
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Fig. 1 Flowchart of the
interactive approach to SP-based
PO

1| Generate N clustered
scenario trees

2| Compute ideal vectors for N scenario trees

Normalize objectives
Set the ranges of weights to [0,1]
Seth=0

ﬂ Set h=h+l
Generate V random weight vectors

from the current ranges

4| Filter V weight vectors down
to 2P

5| For each of the 2P weight vectors,
solve N Tchebycheff programs using the
N scenario trees

l

6 | For each of the 2P weight vectors,
construct an ellipsoid of solutions

I

j Filter ellipsoids down to P

ﬂ DM chooses the most
preferred ellipsoid

9 Set concentrated ranges of
weights around the weights of the
chosen ellipsoid

h < number of
iterations

11 The ellipsoid chosen last is
the final ellipsoid

As mentioned before, centroids of the constructed 2P ellipsoids are used to filter them

down to P in step 7.

For the DM to choose her/his most preferred ellipsoid in step 8, confidence intervals of all
criteria corresponding to each ellipsoid are presented to her/him. This approach is preferred
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because ellipsoids are difficult to present and also hard to visualize for the DM with more
than two criteria.

After the DM selects an ellipsoid, in step 9, new ranges for weights of criteria are generated.
We require that these are concentrated around the weight vector corresponding to the solution
in the ellipsoid that is closest to the centroid. We use Euclidean distance and normalized values
to determine this solution, and refer to it as the ‘pseudo centroid’. We apply the procedures
defined by Steuer and Choo at this stage. Let z” be the pseudo centroid of the chosen ellipsoid
of iteration /. Then the most appropriate weight vector corresponding to z”, denoted by w”,
is found as follows (see Steuer 1986, pp. 448):

k -1
L [z : ] if 2 # zF forall i

N R
wlh — (Z, Zl) i=1 ( i Z,) ‘ Y i (23)
1 lf Zi = Zi
0 ifzf’#z?butﬂjaz?zzj

Next, the ranges of weights that are concentrated around w” are formed as follows (see Steuer
1986, pp. 449):

[0, 7] if wh—rh/2 <0
[LBl_h‘H’ UBih+l] =1{l- rh, 1] if wih +rh/2 > 1 (24)
[wh —r" /2, wh + " /2] otherwise

where r is a pre-determined reduction factor for weights.
In the next section, we demonstrate our approach with stocks from BIST.

3.2 Results of experiments

We use the same 100 stocks used in Sakar and Koksalan (2013b) and Sect. 2.4 for our
experiments. The estimated mean and standard deviation of the BIST-100 index used in
the random walk model are calculated from monthly closing prices of the index during
January 2008—December 2009.3 This period is also utilized for regression analysis. For the
liquidity measure, we use the number of shares traded (see footnote 3) and the total number of
outstanding shares* corresponding to June 2011. Expected return, CVaR at 90 % probability
level and liquidity are used as criteria. We use a three-month SP setting where decisions are
made at the beginning of each month. We use clustered scenario trees where five branches
stem from each decision node, resulting in 53 = 125 scenarios.

The number of scenario trees to generate ellipsoids of solutions, N, is taken as 50. We
use 90 % confidence level for constructing ellipsoids. Ideal and nadir vectors of all scenario
trees are computed individually. The nadir vectors are required for normalization purposes,
and we approximate them by payoff nadirs. Normalized values are also used for filtering,
and we use Euclidean distance as the distance metric of the filtering method.

Based on preliminary tests to determine good parameters for the approach, the number of
iterations is set to 5. The sample size of solutions that are presented to the DM, P, is selected
as 6. The number of weight vectors generated in each iteration, V/, is chosen as 150, and 0.5
is used as r, the reduction factor for weights.

To make experiments with our approach, we need to assume an underlying preference
function for the DM to simulate her/his selection of ellipsoids. With three types of distance

3 http://borsaistanbul.com/en/data/data/equity-market-data/equity-based-data.
4 http://www.mkk.com.tr/wps/portal/ MKKEN/InvestorServices/eDATACapitalMarketsDataBank.
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metrics, we assume that the DM tries to minimize the weighted distance of normalized
ellipsoid centroids from the ideal vector. These centroids are found by utilizing average
normalized expected return, CVaR and liquidity values of the solutions in the ellipsoids. As
distance metrics, we utilize Rectilinear, Euclidean and Tchebycheff distances. The weights
of the DM used for expected return, CVaR and liquidity for all distances are 0.5, 0.25 and
0.25, respectively. We make three replications each for the three distance metrics. First, we
present the details of the first iteration of one replication with the Tchebycheff distance to
illustrate our approach. Later, we summarize all of our results.

In normalization routines used for the weighted Tchebycheff programs and also the sim-
ulation of DM preferences of ellipsoids, we aim to scale criteria values between 0 and 1,
where 0 is the worst and 1 is the best possible value for all criteria. However, because of the
approximation of the nadir point by the payoff nadir, there may be cases where the lower
bound is violated. Even so, the progress of the algorithm and the validity of results will not
be affected. When simulating DM preferences, the ideal vector is taken as (1, 1, 1).

Expected return, CVaR and liquidity are denoted as ret, cvar and lig in vector represen-
tations. Let ﬁ’}. = (Vrer» Vevar» Viig) denote the weight vector numbered j (j = 1,2,...,6)
of iteration i that leads to one of the six ellipsoids in step 7 of the algorithm that are to be
presented to the DM, where vy denotes the weight of criterion k.

3.2.1 The first iteration
150 random weight vectors are generated from the following ranges:

[LBL,.UBL] =0, 1

(LBl UBL,, ] =10.1]

cvar’ cvar

(LB, UBL, ] =10.1]

05 : : : .
oo b . \ : i
TR N e R S S
e S N R et OEL
B 03 P e N N N o R T
< ’ ; kg . i [ R H
.ﬂz - IR e R S
E‘ 0.2 __,"'.“:' i et E “\L E ‘\“‘E E *Ef;
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Fig. 2 Plot of the solutions of the six ellipsoids

@ Springer



60 Ann Oper Res (2016) 245:47-66

Fig. 3 Presenting the DM
R . 25
ellipsoid projections
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150 weight vectors are filtered to 12. 50 augmented weighted Tchebycheff programs (one
for each scenario tree) are solved with each of these 12 weight vectors. 12 ellipsoids of
solutions are generated and filtered down to six by utilizing normalized ellipsoid centroids.
For illustration purposes, Fig. 2 shows the solutions used to construct the six ellipsoids.
Ellipsoids are abbreviated as ‘E’ in illustrations.

Six vectors of weights that led to these ellipsoids are:

1711 = (0.4145, 0.4065, 0.1790)
1721 = (0.0829, 0.5416, 0.3754)
71 = (0.5798, 0.0853, 0.3348)
ﬁi = (0.7705, 0.2223, 0.0073)
1l =(0.0690, 0.3625, 0.5684)
172 = (0.2279, 0.1643, 0.6078)

For the six ellipsoids retained by the filter, the confidence regions of criteria are found
by projecting the ellipsoids to individual criterion axes. Then the DM is asked to determine
her/his most preferred one. Figure 3 illustrates the confidence regions of the six ellipsoids that
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Table 2 Criteria values of the centroids of ellipsoids of iteration 1

Expected ~ CVaR (%) Liquidity Normalized Distance from
return (%) ideal vector
Expected  CVaR Liquidity
return
E1 20.9449 —16.3081 0.1965 0.6933 0.6873 0.2897 0.1776
E2 17.6254 —15.3347 0.3165 0.4614 0.6424 0.4841 0.2693
E3 20.2246 —5.0664 0.2530 0.6427 0.1671 0.3813 0.2082
E4 24.6369 —19.4987 0.0157 0.9522 0.8342 —0.0033 0.2508
E5 15.0347 —12.0301 0.4344 0.2808 0.4906 0.6752 0.3596
E6 15.1378 —3.7627 0.4696 0.2857 0.1092 0.7322 0.3571

Table 3 Results of experiments with a Tchebycheff preference function for the DM

Normalized centroids

Corresponding weights

Tchebychef distance

from ideal vector

Expected  CVaR Liquidity  Expected CVaR Liquidity
return return

Replication 1

Iter. 1 0.6933 0.6873  0.2897 0.4145 0.4065  0.1790 0.1776
Iter. 2 0.6468 0.3785  0.3704 0.4704 0.2657  0.2639 0.1766
Iter. 3 0.6468 0.3785  0.3704 0.4704 0.2657  0.2639 0.1766
Iter.4  0.6741 0.4430  0.3386 0.4816 0.2810  0.2373 0.1654
Iter. 5 0.6741 0.4430  0.3386 0.4816 0.2810  0.2373 0.1654
Replication 2

Iter. 1 0.6822 0.1910  0.3397 0.5329 0.2107  0.2565 0.2022
Iter.2  0.6785 0.7107  0.2989 0.3892 0.4324  0.1784 0.1753
Iter. 3 0.6785 0.7107  0.2989 0.3892 0.4324  0.1784 0.1753
Iter.4  0.6711 0.6336  0.3209 0.4199 0.3768  0.2033 0.1698
Iter.5  0.6711 0.6336  0.3209 0.4199 0.3768  0.2033 0.1698
Replication 3

Iter. 1 0.7509 0.5671 0.2482 0.5244 0.3018  0.1738 0.1879
Iter. 2  0.7509 0.5671 0.2482 0.5244 0.3018  0.1738 0.1879
Iter. 3 0.7256 0.3967  0.2878 0.5456 0.2441 0.2103 0.1780
Iter. 4  0.7256 0.3967  0.2878 0.5456 0.2441 0.2103 0.1780
Iter. 5 0.7027 0.2927 03159 0.5401 0.2252  0.2347 0.1768

are presented to the DM. The criteria values of the centroids of the ellipsoids are provided for
the reader in Table 2, where we also include normalized values and the weighted Tchebycheff
distances of the centroids of the ellipsoids from the ideal vector. These weighted Tchebycheff
distances of the ellipsoids from the ideal point are assumed to represent the DM’s preferences
and are used to simulate the DM’s responses.

As observed from Table 2, the centroid of Ellipsoid 1 has the smallest weighted Tcheby-
cheff distance from the ideal vector. Accordingly, the DM is assumed to select Ellipsoid
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Table 4 Results of experiments with a Rectilinear preference function for the DM

Normalized centroids Corresponding weights Rectilinear  distance
from ideal vector

Expected CVaR  Liquidity Expected CVaR  Liquidity
return return

Replication 1

Tter. 1  0.8978 0.9296 0.0371 0.3918 0.5683  0.0399 0.3094
Tter.2  0.8978 0.9296 0.0371 0.3918 0.5683  0.0399 0.3094
Iter. 3 0.8978 0.9296 0.0371 0.3918 0.5683  0.0399 0.3094
Tter. 4 0.9347 0.9530 —0.0058 0.4077 0.5665  0.0259 0.2958
Iter. 5 0.9347 0.9530 —0.0058 0.4077 0.5665  0.0259 0.2958
Replication 2

Iter. 1 0.9245 0.8284  0.0259 0.6603 0.2908  0.0490 0.3242
Tter. 2 0.9245 0.8284  0.0259 0.6603 0.2908  0.0490 0.3242
Tter. 3 0.9245 0.8284  0.0259 0.6603 0.2908  0.0490 0.3242
Tter. 4 0.9451 0.8860 —0.0043 0.6510 0.3139  0.0351 0.3071
Tter. 5 0.9451 0.8860 —0.0043 0.6510 0.3139  0.0351 0.3071
Replication 3

Iter. 1  0.9522 0.8342 —0.0033 0.7489 0.2160  0.0351 0.3162
Iter. 2 0.9522 0.8342 —0.0033 0.7489 0.2160  0.0351 0.3162
Iter. 3 0.9522 0.8342 —0.0033 0.7489 0.2160  0.0351 0.3162
Tter. 4 0.9522 0.8342 —0.0033 0.7489 0.2160  0.0351 0.3162
Tter. 5 0.9522 0.8342 —0.0033 0.7489 0.2160  0.0351 0.3162

1, and we continue to find the most appropriate weight vector corresponding to the pseudo
centroid of this ellipsoid by using (23):

w! = @w!  w! Ly = (0.4145, 0.4065, 0.1790)

ret> “cvar> wliq

Centered around w', the new ranges of weights for the next iteration found by (24) are:

[LB%,, UBZ,| = 10.1645, 0.6645]
[LB2,, . UBZ,.] =0.1565,0.6565]

(LB, UBE, ] =10.05]

3.2.2 Summary of the Results of Experiments

Table 3 summarizes the three replications performed while assuming the DM tries to minimize
weighted Tchebycheff distance from the ideal point. The first iteration of replication 1 was
discussed in the previous section. As a result of the three replications, the DM is presented
solutions that have weighted Tchebycheff distances of 0.1654, 0.1698 and 0.1768 from the
ideal point. To evaluate the results, we find the solution closest to the ideal point by using DM’s
weights of criteria: 0.5, 0.25 and 0.25 for expected return, CVaR and liquidity, respectively.
This solution in normalized terms is (expected return, CVaR, liquidity) = (0.6725, 0.3561,
0.3450) with a distance value of 0.1637. We see that the algorithm produces solutions that
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Table 5 Results of experiments with a Euclidean preference function for the DM

Normalized Centroids Corresponding Weights Euclidean  Distance
from Ideal Vector

Expected  CVaR Liquidity =~ Expected = CVaR Liquidity
Return Return

Replication 1

Iter. 1  0.6933 0.6873  0.2897 0.4145 0.4065  0.1790 0.2473
Tter. 2 0.6933 0.6873  0.2897 0.4145 0.4065  0.1790 0.2473
Iter. 3 0.7972 0.7110  0.1808 0.5130 0.3600  0.1270 0.2397
Iter. 4  0.8341 0.7781  0.1311 0.5158 0.3857  0.0985 0.2391
Iter. 5  0.7980 0.7341  0.1763 0.4987 0.3790  0.1223 0.2388
Replication 2

Tter. 1 0.9245 0.8284  0.0259 0.6603 0.2908  0.0490 0.2501
Iter. 2 0.8890 0.6601  0.0883 0.6904 0.2255  0.0841 0.2495
Tter. 3 0.8890 0.6601  0.0883 0.6904 0.2255  0.0841 0.2495
Tter. 4 0.8890 0.6601  0.0883 0.6904 0.2255  0.0841 0.2495
Tter. 5 09148 0.7719  0.0449 0.6844 0.2556  0.0600 0.2492
Replication 3

Iter. 1 0.8978 0.9296  0.0371 0.3918 0.5683  0.0399 0.2467
Iter. 2 0.7940 0.7151  0.1835 0.5063 0.3660  0.1277 0.2395
Tter. 3 0.7940 0.7151  0.1835 0.5063 0.3660  0.1277 0.2395
Iter. 4 0.8150 0.7970  0.1478 0.4699 0.4281  0.1020 0.2377
Tter. 5 0.7857 0.7773  0.1814 0.4496 04326  0.1177 0.2376

are close to the best solution of the DM, and the achieved distance values are close to the
minimum distance.

Tables 4 and 5 summarize the results with underlying preference functions of the DM with
Rectilinear and Euclidean distances. With Rectilinear distance, the best solution for the DM
in normalized terms is (expected return, CVaR, liquidity) = (0.9723, 0.9895, —0.0068), and
it has a distance value of 0.2907. With Euclidean distance, the solution is (0.7974, 0.8049,
0.1630) with a distance of 0.2375. We can observe that the algorithm can approach the best
solution for the DM in these cases too. The distances of solutions attained while assuming a
Euclidean distance for the DM are particularly good.

4 Conclusions

In this study, we studied an interactive approach to a multicriteria multi-period PO prob-
lem modeled by SP. In our SP approach, we generate scenarios on the return of a stock
market-representative index and estimate individual stock returns from these scenarios. We
use expected return, CVaR and liquidity as criteria. In our former work that covers our SP
approach, we had presented the DM a discrete representation of the efficient frontier. We
developed an interactive approach to provide the DM with a highly-preferred single solution.
The approach is based on the Interactive Weighted Tchebycheff Procedure, which aims at
converging the best solution by eliciting preference information from the DM in consecu-
tive iterations and contracting the weight space accordingly. In our approach, we also took
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the stochasticity of market movements modeled by scenarios into account and provided the
DM with statistical information. Working with multiple clustered scenarios, we constructed
confidence ellipsoids around solutions and the DM was asked to make her/his preferences
considering these ellipsoids. According to her/his selection, an increasingly concentrated set
of ellipsoids were generated in each iteration. Another modification we made to the Interactive
Weighted Tchebycheff Procedure is preserving the best solution generated so far throughout
the process.

We carried out experimental studies by simulating DM preferences with three types of
underlying preference functions. Using Tchebycheff, Rectilinear and Euclidean distances of
the centroids of the ellipsoids from the ideal vector to represent the DM’s preferences, we
made replications utilizing stocks from BIST. In all replications, the solution obtained by our
approach was close to the best solution of the DM as measured by the assumed preference
function. This result was achieved with only five iterations, indicating a small cognitive load
on the DM.

The contributions of the current research to PO literature are several fold. It supports
the DM with portfolio decisions over multiple periods. The scenario trees used in the SP
approach are tailored to represent the uncertain financial markets well. The DM is included
in the optimization process in an interactive manner and guided toward preferred solutions
without requiring a heavy cognitive burden. We modify the Interactive Weighted Tchebycheff
Procedure in order to quickly reach the preferred solutions of the DM. We address the
stochasticity in the estimated multiple criteria statistically using confidence regions. We
believe that these contributions will attract other researchers to address multiple criteria,
multi-period PO.
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