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Abstract: We propose a learning-oriented interactive algorithm for solving
multicriteria linear integer programming (MCLIP) problems, considered as
multicriteria decision making problems. At each iteration, the DM may partition
the criteria set into at most seven classes, namely: improvement, improvement by
a desired amount, deterioration, deterioration by at most a certain amount, non-
deterioration, changes allowed within limits, and free changes. Based on the
partition of the criteria set, two types of scalarizing problems are formulated —
linear and mixed integer programming problems. One or more (weak) nondominated
solutions of the continuous relaxation of MCLIP problem are computed at most
of the iterations. A mixed-integer scalarizing problem is solved, only at some
iterations, in order to find one or more (weak) nondominated or near (weak)
nondominated solutions (close to the nondominated surface of the MCLIP
problem). At some iteration, when the DM wants to see more than one solution,
he/she may select the preferred solution based on nonformalized information
about his/her preferences or may use a ranking procedure based on additional
formal information. Based on the proposed algorithm, we have developed a
research decision support system.
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1. Introduction

Interactive algorithms are widely used for solving multicriteria linear programming
(MCLP) problems (considered as multicriteria ddecision making problems), see
Benayoun etal. [2], Steuer[31],Wierzbicki[39], Korhonen,Laa-
kso[20],andKaliszewski,Michalowski[17]. The quality of an interactive
algorithm depends, to a large extent, on the quality of the dialogue with the decision-
maker (DM), namely:

o the type of information given by the DM to improve the current preferred
nondominated solution;

o the time needed to solve the scalarizing problem;

o the type and the number of new solutions computed at an iteration;

o the ability to change search strategies for computing new solutions;

o the possibility for the DM to learn about the multicriteria problem.

When solving multicriteria linear programming (MCLP) problems, linear
programming problems are used as scalarizing problems. These problems are
comparatively easy to solve. For this reason, the time needed to solve the scalarizing
problems in interactive algorithms for solving MCLP problems plays a minor role.

Interactive algorithms are also used (C limaco et al. [5]) to solve multicriteria
linear integer programming (MCLIP) problems. These algorithms may be divided into
two groups. The interactive algorithms in the first group, e.g., Karwan et al. [19],
Marcotte, Soland[21], Ramesh et al. [28], Durso[7],and Alves,
Climaco[1], aremodifications of single criterion integer algorithms, in which the DM
is involved in the iterative computational process to obtain efficient integer solutions of
the MCLIP problems. The main purpose in the development of the first group of
algorithms is to reduce the number of computational interruptions and the number of
comparisons the DM has to make.

The interactive algorithms that form the second group, e.g., Teghem, Kunsh
[33],Gabbani,Magazine[9],Hajela,Shih[15],Narula, Vassilev
[24], Karaivanova etal. [18], Vassileva[34], are modifications of interactive
approaches for solving MCLP problems. These interactive algorithms use linear integer
programming problems as scalarizing problems, which are NP-hard, G a r e y,
Johnson [11]. Therefore, the time to solve the scalarizing problems in these
interactive algorithms plays a major role. That is why some efforts are made in the
design of these algorithms to reduce the number of the integer problems solved, to use
heuristic algorithms that solve integer problems, to solve continuous instead of integer
problems at most of the iterations and to present continuous solutions to the DM for
evaluation, especially during the learning phase.

We propose a learning-oriented (Gardiner,Vanderpooten[10]), interactive
algorithm that belongs to the second group of algorithms. In the proposed algorithm we
attempt to improve the dialogue with the DM to describe his/her preferences, to reduce
the time to find new solutions and to help the DM evaluate more than one solution.

The proposed algorithm uses a scalarizing problem based on the partition of the
criteria, implicitly doneby the DM. Inthis classification, the DM specifies what changes
he/she would like to see in the criteria values of the current preferred solution.
Depending on the desired or acceptable changes, each criterion may belong to one and
only one of the seven classes — improvement, improvement by a desired amount (if
possible), deterioration, deterioration by at most a certain amount, non-deterioration,
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changes allowed within limits and free changes. This offers the DM more possibilities
to express his/her preferences with respect to current preferred solution compared to
the well known algorithms for solving linear and nonlinear multicriteria programming
problems such as STEP algorithm, Benayoun et al. [2], the reference point
algorithms, Wierzbicki[39], reference directionalgorithm, Korhonen,Laakso
[20], the NIMBUS algorithm, M iettinen, Make la[22], and algorithms used for
solving multicriteria integer linear and nonlinear programming problems,e.g.Narula,
Vassilev[24]andVassilev et al. [36].

In the proposed algorithm, the DM is given a choice, at each iteration, to either
solve a continuous or an integer scalarizing problem. The DM is encouraged especially
during the learning phase or when solving large problems to solve continuous scalarizing
problems or to solve integer scalarizing problems approximately at many iterations. This
considerably reduces the computational time at each iteration.

At an iteration, when the DM wants to see more than one solution, the DM may
select the current preferred solution based on nonformalized information about his/her
preferences or may use a ranking procedure based on additional formal information.

The rest of the paper is organized as follows: Some notation and definitions are
introduced in the next section. The description and properties of the scalarizing
problems are given in Section 3, and the formal ranking procedure is presented in
Section 4. A brief description of the proposed interactive algorithm is given in Section
5, and the research DSS and some experimental results are described in Section 6. A
few concluding remarks are given in Section 7.

2. Problem formulation

Many practical problems, e.g., location-allocation, transportation, scheduling, assignment,
planning problems, etc., can be formulated as MCLIP problems. For a survey of
multicriteria programming formulation and the methodology applied to solve some of
these problems, the reader may refertoOsleeb, Ratick[26],Current et
al.[6],Blazewich et al.[3], Weber, Current[37],Ritzel et al. [30]
andFerreira et al [8]

The MCLIP problem may be formulated as:

Q) “max”{f (x)}, kekK,
subject to:
) > a;x; <bj,

jeN
@3) 0<x,<d;, jeN
4) X ; — integer, jeN'cN,

where f(x), ke K, are linear criteria (objective functions); f (x) > ckx , and

“max” means that all the objective functions have to be maX|m|zed sn‘nultaneously,
X= (x X e X e X )T is the vector of the decision varlables andK={1, 2, ..., p},
M= {1 2 m} N'= {1,2,...,n},andN ={1,2,..,n' /n < n} denote the index sets
of the crlterla (objective functlons), the linear constraints, the decision variables and the
integer decision variables, respectively.
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Constraints (2)-(4) define the feasible region X, for the integer variables. Problem
(1)-(3) is a MCLP problem, which is a relaxation of MCLIP problem. The feasible
region for MCLP problem variables is denoted by X,.

For clarity of exposition, we introduce a few definitions:

Definition 1. The feasible solution x is called an efficient solution of MCLP or
MCLIP problem, if there does not exist any other feasible solution X, such that the
following inequalities are satisfied:

f, (x)> f, (X), for every k e K and f, () > f,(x),for at least one index

keK.

Definition 2. The feasible solution x is called a weak efficient solution of MCLP
or MCLIP problem if there does not exist another feasible solution x such that the
following inequalities hold:

fk(i) > f,(x), forevery ke K .

Definition 3. The feasible solution x is called a (weak) efficient solution of MCLP
or MCLIP problem if x is an efficient or weak efficient solution of the corresponding
problem.

Definition 4.The vector  f (x) = (f (X),..., fp(X))' is called a (weak) nondomi-
nated solution in the criteria space, if x is a (weak) efficient solution in the variable space.

Definition 5. A near (weak) nondominated solution of MCLIP problem is a
feasible solution in the criteria space obtained by solving an integer scalarizing problem
using an heuristic algorithm.

Definition 6. A current preferred solution is a (weak) nondominated solution of
MCLIP or MCLP problemor a near (weak) nondominated solution of MCLIP problem,
chosen by the DM at the current iteration. The most preferred solution of MCLIP
problem is a current preferred solution of MCLIP problem that satisfies the DM to the
greatest degree.

Problems MCLIP and MCLP do not possess a mathematically well-defined
optimal solution. Therefore, it is necessary to select one of the (weak) nondominated
solutions that satisfies the DM to the greatest degree. This choice is subjective and
depends entirely on the DM.

3. Scalarizing problems

The DM evaluates the current (weak) nondominated solution of MCLIP or MCLP
problem, or the near (weak) nondominated solution of MCLIP problem at each
iteration. If the DM wants to look for a “better” solution, he/she sets the preferences
for desired or acceptable changes in the values of some or all of the criteria. Depending
on these preferences, the criteria set is partitioned into seven or fewer criteria classes

K>, K=, K=, K=<, K=, K><and K°. Criterion f (x), ke K, may belong to one and
only one of the following classes:
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k e K7, if the DM wishes the value of criterion f, () to be improved;

k € K=, if the DM wishes the value of criterion f,_(X) to be improved by a
desired (aspiration) amount A , A >0;

k e K=, if the DM agreés to worsen the value of criterion f (X);

k e K=, if the DM agrees to worsen the value of criterion f,(x) by no more
than 5k, 5k >0;

k e K™=, if the DM wishes the value of criterion f, (X) to lie within limits of the
current value f ., (f -t <f (x)<f +t) t,t->0;

k € K~ if the DM does not want to worsen the value of criterion f, (x);

k € K° if the DM agrees that the criterion f, (X) may be changed freely.

Onthe basis of the partition of the criteria set, we propose the following scalarizing
problem to compute a (weak) nondominated solution of the MCLIP problem.

Minimize
S(x)=m Fn (F -t )t (f f()\f'_
() (x) = max naxtt =1 X//‘ k"kem%)f« Kook X/‘ k‘-
N
rmax(f - f (x))f ],
subject to:
(6) f(x)>f keK-UK-UK?,
) fk(x)z f -6 keKs,
(8) fk(X)Z fk—tk*,ker'
(9) f )< f +t keKo,
(10) Xe X,
e, If | | <¢g,
11 "= . K
(11) f {fk,uf|f|>g,

where f,_is the value of the criterion with an index k e K in the current preferred
solution,

f_k = f +A —theaspiration level of the criterion with an index k e K*,

fk' —a scaling coefficient, and ¢ is a small positive number.

The objective function of the scalarizing problem E, shows that it is a sum of two
values. For each x e X, the first value is the maximum of two sets of numbers. Each
number in the first set represents the difference between the aspiration level of the
criterion with an index k € K= and f, (x) . Each number from the second set is the
difference between the value of the criterion withan index k € K< K= in the current
preferred solutionand f, (x) . Foreach x e X, the second value is the maximum of
one set of numbers. Each number in this set is the difference between the value of the
criterionwithanindex k € K~ inthecurrent preferredsolutionand f, (x) . Theoptimal
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solution of problem E, may assure not great improvement of the criteria from the sets
k e K”U K> and a small deterioration of the criteria from the sets k e KU K=,

Theorem 1. The optimal solution of the scalarizing problem E, is a weak efficient
solution of the MCLIP problem.

For a proof, please see the Appendix.

To obtain a weak nondominated solution for MCLP problem, we may use the
scalarizing problem E,, which is obtained from E, by replacing constraint (10) with
constraint (12):

(12) XeX,.

The optimal solution of the scalarizing problem E, is a weak efficient solution of
MCLP problem. This follows from Theorem 1 because the nature of the variables x,,

i=1...,n, is not explicitly used to prove it.

Because the objective function of the scalarizing problem E, is non-differentiable,
we may solve the following equivalent mixed integer programming problem E ..

(13) min(a + f)
subject to:
— N

(14) ax(f -1 ()] keks,
(15) az(f, 1 ()|t] kek-UKs,

N
(16) p=(f - fk(X)/‘fk",keK>’
(17) f ()= f keK-UK-UK?,
(18) f(x)>f -6 kekKs,
(19) fk(X)Z fk—tk*, keK><,
(20) fOO<f +tr, keKe,
(21) Xe X,
(22) a, B — arbitrary.

Theorem 2. The optimal values of the objective functions of problems E, and E
are equal, i.e.,

min (a + B) = min{max[max(f, — f, (x))/| f, |, max (f, —f, (x))/]|f, ]
XeX; xeX; keK> keKSUK=
+max(f, - £, 00)/| i [}

For a proof, please refer to the Appendix.
Thescalarizingproblem E'" is formulated on the basis of the partition of the criteria
set, implicitly done by the DM. It is a generalization of the scalarizing problems
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suggestedinNarula, Vassilev[24],Vassileva[34],Vassilev et
al. [36], and has the following properties: The first property is related to the information
given by the DM. To improve the current (weak) nondominated solution, the DM may
present his/her preferences not only as desired and acceptable levels (as it is in the
different scalarizing problems of the reference point, Wierz bic ki [39]), but also
as desired and acceptable directions and intervals of change in the values of the criteria.
The second property is that the improvement in the value of one criterion may not result
in big loss in the value of another criterion. Thus the DM can realize the search strategy
“no great benefit — little loss”. The third property is that the current (weak) efficient

preferred solution can be used as an initial feasible solution for the next integer
programming problem E,'. This facilitates the single criterion algorithms, especially the
heuristic algorithms, because they can start with a feasible integer solution. The fourth
property is related to the fact that the feasible region of problem E/ is a part of the
feasible region of MCLIP problem and depending on the values of parameters
f.A 6 .t 1 this region can be relatively narrow. The solutions obtained using

heuristic algorithms to solve integer programming problem E,' may lie near the non-
dominated surface of MCLIP problem. The use of near (weak) nondominated solutions
may considerably reduce DM’s waiting time to obtain new solutions. When applying
an heuristic integer algorithm to solve scalarizing problem E ', a set of near (weak)
nondomonated solutions is obtained, ranked according to their “proximity” to the
“desired” (weak) nondominated solution. Because the search strategy “no great benefit
- little loss™, not only the first-ranked solution, but all the remaining solutions found are
comparatively close to the “desired” (weak) nondominated solution. If the DM wishes
to re-rank the near (weak) nondominated solutions obtained on the basis of additional
local preference information (pairwise comparison of the criteria or inter- and intra-
criteria information) he/she may use a formal ranking procedure and choose the next
preferred solution on the basis of the two ranked sets.

The problemE,' is the linear programming problem obtained fromE ' by replacing
constraint (21) with constraint (12). One (weak) nondominated solution of MCLP can
be obtained by solving problem E,', which is easy to solve, see Garey and Johnson
(1979).

According to the reference direction approach, Korhonen and Laakso (1986), the
presence of more (weak) nondominated solutions may speed-up DM’s understanding

of the problem solved. More than one (weak) nondominated solutions of MCLP
problem can be obtained by solving parametric extension of E,. A parametric extension
of problem E,' denoted by E, may have the form, M urta g h [23].

(23) min(a + )

subject to:

(24) OO+ fla=f, +af t, kek:,
(25) fk(x)+‘fk"a2fk—Afkt, keK<UKS=,
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(26) fGO+|f] 81, +AT t, kek>,

(27) f ()2, keK> UK=UK>,
(28) f ()2f 5, keKe,
(29) fk(X)ka_tl:' keK>,
(30) f)<f +t kek,
(31) xeX

(32) t>0,

(33) a, - arbitrary,

where Af, is a parameter.

The parametric problem Ej is also easy to solve, see M u rtag h[23]. The first
solution is supposed to best satisfy the DM’s preferences. In the remaining solutions,
the desired improvements and the acceptable deteriorations are increased. Depending
on parameter Af , keK, the parametric (weak) nondominated solutions obtained may
be comparatively close, but may also differ significantly.

Let us assume that we have computed a (weak) nondominated solution of MCLP
problem using scalarizing problem E, or E and wish to find a (weak) nondominated
solution of MCLIP problem, which is close to the (weak) nondominated solution of

I\QCL(F]:,)prob#e)m. Let us denote a (weak) nondominated solution of MCLP problem by
L _(f 2 \T
e BT

To find a (weak) nondominated solution of MCLIP problem close to the (weak)

nondominated solution f?k of MCLP problem, we may solve the following Chebychev
problemE,, Wierzbicki[39]:

minimize
(34) S(x) = max(f, — £, 0)/| |
subject to
(35) Xe Xy,
where
Poif |P]>e,
(36) e, if [P <e

and ¢ is a small positive number.
This problem is equivalent to the following mixed integer linear programming

problemE.":
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(37) mina

subject to
(38) az(f -0/ f
(39) Xe X,

o — arbitrary.

4.Ranking procedure

Heuristic integer algorithms, namely, Ibaraki et al.[16], Goldberg[13],Werra,
Hertz [38],Vassilev, Genova[35],Reeves[29],Pirlot[27],andGlover,
Laguna[12], findsolutions of the scalarizing problemE.' that lie comparatively close
to the efficient (nondominated) surface of the MCLIP problem. These near (weak)
nondominated solutions are computed relatively quickly and presented to the DM for
evaluation. Theinterruption of an exact integer algorithm, Nemhauser, Woolsey
[25] (if the waiting time is too long) is also appropriate and the near (weak)

nondominated solutions obtained so far can be presented to the DM for evaluation. The

solution of scalarizing problem E, usinga linear parametric programmingalgorithmwill
lead to more than one (weak) nondominated continuous solutions of MCLP problem.
To select the current preferred solution, the DM has three possibilities:

—to select the first-ranked near (weak) nondominated integer solution or to choose
the first-ranked (weak) nondominated continuous solution;

— on the basis of additional nonformalized information, the DM may choose one
solution, other than the first-ranked, from the set of ranked near (weak) nondominated
integer solutions or from the set of ranked (weak) nondominated continuous solutions;

—on the basis of additional intra- and inter-crirteria information or information
about the pairwise comparison of the criteria provided by the DM, the set of near (weak)
nondominated integer solutions or the set of (weak) nondominated continuous solutions
can be re-ranked by the RP ranking procedure. The DM may choose the first-ranked
or another solution from one of these ranked sets.

Let us denote the set of solutions (alternatives) by M, = (i,,i,,...,i,), where s
is the number of alternatives computed at the current iterationand i, is the first feasible

solution obtained when solving scalarizing problem E ' or EZ The RP procedure

includes two modules for complete ranking of the alternatives. The first module uses
Promethee Il outranking method, Brans, Mareschal[4]. Torank the alternatives
with the help of the outranking procedure, the DM provides two types of local
information. Thefirst (intra-criteria) type of information consists of two thresholds. For
each criterion keK, the DM defines an indifference threshold g, and a preference
threshold p,. The indifference threshold g, is equal to the difference between the values
of the two criteria that have no practical significance for the DM. The preference
threshold p, is equal to the difference between the values of the two criteria that
indicates that one of them is preferred over the other. The second type of local
information provided by the DM is the inter-criteria information that refers to the



relative importance of the criteria for the DM. This importance is expressed in weights
defined by the DM.

The second module uses the AHP method, Saaty[32]. Torankthe alternatives
using this method, the DM provides local pairwise comparison of the criteria.

The algorithmic scheme of RP procedure is in 5 steps.

Step 1. Record near (weak) nondominated solutions of MCLIP problem or
(weak) nondominated solutions of MCLP problem obtained from set M, as
alternatives in matrix A.

Step 2. Ask the DM to choose which type of additional local information he/she
is able or willing to provide. If he/she prefers to provide local inter- and intra-criteria
information, go to Step 3; otherwise, go to Step 4.

Step 3. Ask the DM to provide the weights w, , keK, for the criteria. The DM
may use the weights defined at a previous iteration or offer new weights.

Ask the DM to provide the thresholds g, and p, , keK. The DM may wish to use
the thresholds from at a previous iteration or offer new thresholds.

Rank the alternatives of matrix A by Promethee Il method and go to Step 5.

Step 4. The DM provides the matrix of pairwise comparisons of the criteria. The
DM may wish to use the matrix from a previous iteration, or offer a new matrix of
pairwise comparisons.

Rank the alternatives of matrix A by AHP method.

Step 5. Present the ranked set of alternatives to the DM for evaluation and
selection of the preferred solution for MCLIP or MCLP problem.

5. A partition-based interactive algorithm

A partition-based interactive algorithm to solve MCLIP problems can be developed on

the basis of scalarizing problems E,', E,, E, , E,' and the ranking procedure RP. The
scalarizing problems E' and E,' are mixed integer programming problems. The
problems of mixed integer programming are NP problems, i.e., the time for their exact
solution is an exponential function of their dimensions. When solving integer problems,
especially problems of large dimension (above 100 variables and constraints), heuristic
algorithms, e.g., Ibaraki et al. [16], Vassilev, Genova[35], Reeves[29],
Pirlot[27],Glover, Laguna[12]. Because findingan initial solution of the integer
problems is as difficult as finding an optimal solution, the heuristic algorithms do not
guarantee finding even an initial feasible integer solution in the general case. But, if an
initial feasible integer solution is known and the feasible region is comparatively
“narrow”, then using heuristic algorithms, especially those that include meta-heuristics
suchas “tabusearch”, Glover, Laguna[l12],some good, and in many cases, optimal
integer solutions can be obtained.

The proposed interactive algorithm is learning-oriented. That is, the DM may
search freely for the most preferred solution from the sets of (weak) nondominated or
near (weak) nondominated solutions. For this reason during the learning phase, the DM
is encourage to explore these sets, get some idea about the feasible ranges of criteria
values, and some relations among the criteria. To achieve this and to overcome some
computational difficulties (especially when solving a large problems), three different
strategies for computing new solutions are used in the interactive algorithm. The first
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strategy, called integer strategy, searches for a (weak) nondominated integer solution
at each iteration by solving the integer scalarizing problems exactly. The second
strategy, called approximate integer strategy, searches for near (weak) nondominated
integer solutions at some iterations by computing approximate solution of integer
scalarizing problems. During the learning phase, and for large problems until the very
end, only near (weak) nondominated solutions may be searched. The third strategy,
called the mixed strategy, searches for continuous (weak) nondominated solutions by
solving continuous scalarizing problems at most of the iterations, and only sometimes
searches for a (weak) nondominated integer or near (weak) nondominated integer
solution that is close to the continuous (weak) nondominated solution.

The integer strategy is appropriate when solving small multicriteria integer
problems. The approximate integer and mixed strategies are appropriate for solving
medium and large multicriteria integer problems.

The basic steps of the algorithm are 11.

Step 1. Find an initial (weak) nondominated solution of MCLP problem by setting

f=1, keK, f,_ =2, keK, and solving problem E,. Let it be the current preferred

solution.

Step 2. Ask the DM to specify the desired or acceptable levels, directions or
intervals of changes in the values of some or all of the criteria in relation to the current
preferred solution.

Step 3. If the DM chooses to search for (weak) nondominated solutions of MCLP
problem, execute Step 4; if the DM chooses to find (weak) nondominated solutions of
MCLIP problem, go to Step 9.

Step 4. Ask the DM, if he/she wants to see more than one (weak)
nondominated solutions of MCLP problem, go to Step 6. Otherwise, go to Step 5.

Step 5. Solve the scalarizing problem E,' using linear programming algorithm to
find a solution of MCLP problem. If the DM wants to see one (weak) nondominated
solution of MCLIP praoblem close to the current solution of MCLP problem, go to Step
7. 1f the DM wants to see one or more near (weak) nondominated solutions of MCLIP
problem close to the current solution of MCLP problem, go to Step 8. Otherwise go to
Step 2.

Step 6. Ask the DM to specify parameter s — the number of (weak) hondominated
solutions of MCLP problem, that should be saved in set M,. Solve the scalarizing

problem E, by a linear parametric programming algorithm. Present the set M to the
DM for evaluation and selection of a current preferred solution. If the DM wishes, he/
she may use the ranking procedure RP to aid him/her to select the current preferred
solution of the MCLP problem. Ifthe DM wants to see a (weak) nondominated solution
of MCLIP problem close to the current preferred solution, execute Step 7. If the DM
wants to see a near (weak) nondominated solution of MCLIP problem close to the
current preferred solution, go to Step 8. Otherwise go to Step 2.

Step 7. Solve problem E,. Show to the DM the (weak) nondominated solution of

MCLIP problem. If the DM selects this solution as a current preferred solution of
MCLIP problem, go to Step 2. If this is the most preferred solution of MCLIP problem,
Stop.
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Step 8. Solve problem E;. Show to the DM near (weak) nondominated solution
of MCLIP problem. If the DM selects this solution as a current preferred solution of
MCLIP problem, go to Step 2. If this is the most preferred solution of MCLIP problem,
Stop.

Step 9. If the DM choose to see one (weak) nondominated solution of MCLIP
problem go to Step 11. If the DM wants to see one or more near (weak) nondominated
solutions of MCLIP problem, go to Step 10.

Step 10. Ask the DM to specify s—the number of near (weak) nondominated
solutions of MCLIP problem, which should be stored in set M,. Solve the scalarizing
problem E;' by an heuristic integer programming algorithm and present the set M, to
the DM for evaluation and selection. If the DM wishes, he/she may use the ranking
procedure RP to help him/her to select the current preferred solution of MCLIP
problem. If the current preferred solution is the most preferred solution of MCLIP
problem, Stop; otherwise go to Step 2.

Step 11. Solve problem E;. Show the (weak) nondominated solution or near
(weak) nondominated solution (if the computational process is interrupted because the
computation time is too long) to the DM. If the DM approves this solution as a current
preferred solution of MCLIP problem, go to Step 2. If it is the most preferred solution
of MCLIP problem, Stop.

The proposed interactive algorithmfor solving multicriteria linear integer problems
is learning-oriented in which the DM controls the dialogue, the computations, and the

stopping rules. Linear parametric programming problems (scalarizing problems E , )
are often used when solving medium or large MCLIP problems. A few mixed integer
linear programming (scalarizing problems E.' and E_') are also solved when the DM
either feels uncomfortable to work with continuous variables, or when he/she is looking
for an integer solution close to the current preferred continuous solution. When solving
amediumor alarge MCLIP problems, itisappropriate (especially, inthe learning phase)
to solve the integer scalarizing problems by heuristic algorithms. Many heuristic
algorithms operate well ina “narrow feasibleregion” and a known initial feasible integer
solution helps them to find good and, in many cases, optimal solutions of the integer
scalarizing problems. The evaluation of more than one solution, even near (weak)
nondominated solutions, enables the DM to learn quickly about the problem being
solved. The use of RP procedure may help the DM to evaluate these solutions.

6. Implementation and experimental results

We have developed a research decision support system, called MOLIP, for solving
multicriteria linear integer programming problems. It consists of three main parts: a
control program, interface modules and optimization modules.

The basic functions of the control program can be divided in three groups. The first
group includes the possibility of using resources of MS Windows operating system in
the program environment. The second group of control program includes creating,
modifying, and saving files containing the description and the interactive process of
solving MCLIP problems, and the localization of different errors. The third group of
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control program includes the visualization of important information for the DM and
about the system operation as a whole.

The interface modules realize the dialogue between the DM and MOLIP system
during the entry and correction of the input data, the interactive process of problem
solution, and the dynamic visualization of the main parameters of the process.

The optimization modules implement the proposed partition-based interactive
algorithm. These modules include one exact branch-and-bound algorithm (based on
one-sided branching, including heuristics, Nemhauser, Woolsey[25], and three
heuristic algorithms, namely, algorithm of I baraki et al. [16], algorithm of internal
feasible directions, Vassilev, Genova/[35],anda “tabu search” type algorithm,
Gouljashki, Vassilev[14], for solvingsingle criterion linear integer programming
problems. Linear and linear parametric programming algorithms, AHP, and Promethee
Il procedure are also included in the optimization modules.

The software for all single criterion algorithms were developed at the Institute of
Information Technologies — BAS. Particular attention has been paid to the heuristic
algorithms. Extensive tests of the algorithmof I baraki et al. [16] and the algorithm
of internal feasible directions were conductedinVVassilev, Genov a [35] with
respect to the speed of the algorithms and the quality of the solutions obtained. The
algorithmof Ibaraki et al. [16] is one of the first good heuristic algorithms for solving
linear of integer programming problems. It formulates and solves linear sub-problems
on the basis of several heuristics and rounds off the values of the variables to integer
values. It is especially useful for finding initial feasible integer solutions. The algorithm
of the internal feasible integer directions belongs to the class of component algorithms
and improves the feasible integer solutions comparatively quickly. The quality of the
solutions generated by these two algorithms is generally good. For example, in 66% of
the cases the algorithm of Ibaraki et al. (1974) generated a solution (that is, the criteria
values) within 3% of the optimal criteria values, and in 85% of the cases, the solution
was within 10% of the optimal criteria values, see Vassilev, Genova[35].
The performance of the internal feasible integer directions algorithm was similar.
Better results were obtained by “tabu search” type heuristic algorithm in some cases
when an initial feasible integer solution existed and feasible region was “narrow”, see
Gouljashki, Vassilev[14].

The speed and the quality of the solutions obtained by the three heuristic algorithms
are comparatively good. Nevertheless, the quality of the solution obtained by each
algorithm depends, to a great extent, on the type and the structure of the problem. To
expand the class of the problems that can be solved with high probability quickly and
efficiently, these three algorithms in DSS MOLIP are used together as one generalized
algorithm, firstexecuting thealgorithmofIbaraki et al., thenthealgorithm of internal
feasible directions, and at the end — a “tabu search” type algorithm. On the basis of the
properties described above, we decided to use this order for operation of the three
algorithms.

Recently a number of new heuristic algorithms have been proposed to solve single
criterioninteger problems, which use some of the meta-heuristics, namely “evolutionary
search”, R e e v e s [29], “simulated annealing”, P i r 1 o t [27], and “tabu search”,
Glover, Lagunall2]. InDSS MOLIP, we have included the heuristic algorithms
described earlier because we have their software and have gained significant experience
in relation to their computational behaviour.
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Two types of tests were conducted on the research DSS MOLIP. The first test
was directed toward computational analysis of the single criterion integer algorithms
included in the system, where as the second test was performed to learn some aspects
of DM’s behavior in the operation of the proposed partition-based interactive algorithm.

In the first test, we solved several multicriteria problems. The purpose of this test
was to observe the difference between the computing times for obtaining exact and
approximate integer solutions, and the quality of the obtained approximate integer
solutions. These problems were taken fromVassilev, Genova[35] and by adding
two new criteria to each problem, we modified them as three criteria problems.

The number of constraints and variables for only eight problems are given in Table
1. In the table, we also give percent of the non-zero elements for all the problems. It
may be noted that the first five problems are binary where as the last three are all
integer. For the first three problems, the coefficients of the variables were zero or one;
for the fourth problem, they ranged over zero to 100; and for the fifth problem over zero
to 200. The coefficients for problems 6, 7 and 8, ranged over zero to 600, zero to 1000,
and zero to 100, respectively. For each of these eight problems, three iterations of the
interactive algorithm were executed using the exact or generalized heuristic single
criterion integer algorithms. Three approaches were used, namely: 1) an exact
algorithm at each iteration, denoted by EEE ; 2) a generalized heuristic algorithmat the
first two iterations and an exact algorithm at the third iteration, denoted by HHE and
3) a generalized heuristic algorithm at each iteration, denoted by HHH. For these
approaches we report the average CPU time (in seconds) for performing these three
iterations in Table 1. The computations were performed ona PC Pentium 11, 400 MHZ,
128 MB RAM. In the last two columns, we present the average deviation and average
percent deviation of the approximate solutions from the exact solutions for the second

and third approach, respectively.

Table 1. Computational Results

Prob- Percent Computational Time _
lem Number of non- (CpPU seconds) Af E:rr‘t

num- Const- Vari- zero

ber raints ables elements EEE HHE HHH Af
1 15 15 50 1.2 0.5 0.30 0 0.0
2 31 31 50 24.3 8.7 0.60 1 6.1
3 50 32 10 64.5 24.8 0.85 0 0.0
4 50 50 30 4860.0 1632.0 11.70 3 2.6
5 87 48 10 9360.0 3348.0 116.00 0 0.0
6 12 50 10 31.2 11.4 1.30 10 4.3
7 30 60 100 3720.0 1210.0 10.10 0 0.0
8 82 108 50 16831.0 4852.0 64.00 16 | 3.9

From Table 1, we observe that the average CPU time needed for the three
iterations to compute an exact (weak) nondominated or near (weak) nondominated
solutions differs considerably. The larger the dimension of the problem, the greater is
this difference. Clearly, this difference reflects the lack of guarantee in the quality of
the near (weak) nondominated solution. During the learning phase, this compromise in
the quality of the solutions may be acceptable, while this may be the only practical option
for solving large problems.

A second test was performed to learn how DMs familiar with different interactive
algorithms may use the possibilities offered by the proposed algorithm with DSS
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MOLIP to solve the MCLIP problems. Ten students of economics and mathematics
at Sofia University and the New Bulgarian University, who had learned the theory and
practice of multicriteria optimization and multicriteria decision making were used as
DMs. Each student was given a different set of three problems, from the problems used
in the first test, to solve. The students were instructed to find a solution such that the
relative difference between the single objective optimum value of a criterion and its
value in the most preferred solution should be in a non decreasing order of the criterion
number. Furthermore, the values of the criteria in the most preferred solution should be
relatively close to the ideal point. Since the proposed interactive algorithm is learning-
oriented, they had complete freedom to express their preferences, to use continuous or
integer single criterion algorithms, to apply the ranking procedure RP in the selection
of the currentand the most preferred solution. The decision makers worked independently
and their experience in solving different problems may be summarized as follows:

1. The DMs used all the choices offered by the DSS MOLIP in stating their local
preferences. However, at different phases of the solution process, some options were
used more often than others. For example, in the initial solution phase, the DMs
preferred to set more desired or acceptable directions of the criteria, where as in the
final phase they mainly preferred to set desired or acceptable amount of changes in
terms of levels and intervals of the criteria values. This behavior is understandable
because in the initial phase every DM desires to know a rough estimate of the ranges
for changes of the separate criteria, while in the final phase, he/she wants to maked
more precise search for the most preferred solution.

2. In the initial phase, the DMs showed tendency to mainly solve continuous
scalarizing problems or to solve integer scalarizing problems approximately. Inthe final
phase, they chose exact solutions of the integer scalarizing problems. For large
problems (after the DMs realized how long it takes to solve an integer scalarizing
problem), many preferred not to use the exact single criterion algorithm.

3. Atagiven iteration, when the DMs desired more solutions to choose the current
preferred solution, he/she used the RP ranking procedure to rank these solutions. They
realized early on that it was easier to set additional preference information than to
compare many solutions directly.

4. For each problem, most DMs found the same or very close most preferred
solutions.

Based on these observations, we believe that the proposed interactive algorithm
possesses some relatively good characteristics. Still better results could be obtained if
DSS MOLIP were further developed, with improved interface with the DM, and
included more recent single criterion algorithms.

7. Concluding remarks

We have proposed a learning-oriented interactive algorithm to solve multicriteria linear
integer programming problems. The algorithm offers the DM flexibility to express his/
her preferences with respect to the current preferred solution. At each iteration, the
DM has the choice to compute one or more (weak) nondominated (continuous or
integer) solutions or near (weak) nondominated integer solutions. The DM is encouraged,
especially in the learning phase or when solving large problems, to solve continuous
scalarizing problems or the integer scalarizing problems approximately at many
iterations. This considerably reduces the computational time at each iteration. When the
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DM wants to see more than one continuous or integer solutions at an iteration, the DM
may select the current preferred solution based on nonformalized information about his/
her preferences or may use a ranking procedure based on additional formal information.

We have developed a research decision support system based on the proposed
algorithm. Our experimental results confirm that the DMs use all the choices in stating
their preferences, some choices more often than others, and different choices at
different stages of solving the problem. Furthermore, the computational effort and time
are reduced considerably by using continuous and heuristic integer algorithms in the
learning phase and for solving large MCLIP problems.

Appendix

Theorem 1. The optimal solution of the scalarizing problem E, is a weak efficient
solution of the MCLIP problem.
Proof.

Let K or K> 2.

Let X e X, be an optimal solution of problem E,. Then the following
conditions are satisfied:

(40) S(x*)<S(x), for every xe Xl
and
fk(x*)sz,keK>uK=uKZ,

()2 f -6 keKs,
fk(X*)Z fk —tk*,k e K>,
f ()< f o+t kek,
Let us assume that x" e X, is not a weak efficient solution of the MCLIP

problem. There must exist X e X, for which:

(41) fk(x*)< fk(x'), ke K,
and
fk(x')sz,keK>uK=uKZ,

f(x)>f -0 ,keK=
k k k !
fk(X')ka—tk*, keK>,
f(X)<f +t, keK><,
k k k

The condition (41) follows from the definition of weak efficient solution and the
remaining conditions follow from the fact that x' must satisfy the constraints of the
scalarizing problemE,.
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After transformation of the objective function S(x) of the scalarizing problem E,
using inequalities (41), the following relation is obtained:

(42) S(X') = max t@g(f'k = £ O] ], max (F —f ()] F ]
max(f, — 1, 00) /|| = max rax((f, = 1, 0¢)+(F,0¢) = 1, M/, |,

omax ((f —f (x)+(f (x)=f (N f ]+
smax((f = £ ) +(F, (<) = f )|
<mx e, 160141 (4, — 1611 F e, — o)
= S(x").

From (42), it follows that S(x") < S(x"), which contradicts (40). Hence, X" € X is
a weak efficient solution of the MCLIP problem. Therefore, the corresponding solution
f(x") is a weak nondominated solution.

Theorem 2. The optimal values of the objective functions of problems E, and E;
are equal, i.e.

min(a + B) = min{max[max(f, — f, (x))/| f, |, max (f,_—f, (x))/]|f, ]
xeX; xeX; keK> keKSUK=

+max(f, - £, 00) /| fi [}
Proof.
From (14), o > (f‘k - f O/ f | ke K=
Since this inequality is true for every k e K=, it is also true that

(43) azmax(f, — £, (/| f, .

From(15), a > (f, = f, (X))/| f, |, ke KT UK".
Because this inequality is true for everyk e K< U K=, it is also true that
(44) a> keT%XKé(fk —f.00)/] |
From (43) and (44), we can write
(45) o > max [m%(fk - f.(x)/| f, |,ker}[1<auxK£ (f. = £,/ 1.
From (16) follows
(46) B = max(f, = £ ())/] f .
If the left and right sides of inequalities (45) and (46) are summed, we obtained:

(o + B) > max[max(f, — £, 0)/1 1, |, max (f, = f,00)/| ;I

+max(f, — £, ()] £, .
keK”
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Let X" X be an optimal solution of problem E,'. Then

min( + B) =max[max(f, — f, (<)) /] 1, max _(f, = f, (<))/] f, [
xe X, kek?> keK<UK*

(47) +max(f, — f . (xX)/| f,|.
keK”

The right side of (47) can be rewritten as:

min{max[max(f, — f, (0)/| f, |. max (f, —f, (0)/] f, [
eK> eK<UK*=

Xe Xy
+max(f, ~ £,00)/1 7, I

which proves the theorem.
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NHTepakTUBEH allrOPUTHM 3a pEIlIaBaHe Ha 3a]a41 Ha
MHOT'OKPUTEPUATHOTO JIMHEWHO 1IETI0UMCIIEHO IPOrpaMHUpaHe

Bacun Bacunes', Cyoxaw Hapyna?, Mapusna Bacunesal,
Kpacumupa I'enosa'

t Uncmumym no ungopmayuonnu mexnonozuu, 1113 Cogus
2 School of Business, Virginia Commonwealth University, Richmond, USA

(Pe3wome)

[Ipennara ce HHTEPaKTHBEH AITOPUTHM, OPUSHTUPAH KbM 00yUCHHE, 32 pelllaBaHe Ha
3aJa41 Ha MHOTOKPUTEPHAITHOTO JIMHEHHO Lenourcieno nporpamupane (MKJIILIIT),
KOHMTO c€ pa3riexaaT KaTo MHOTOKpUTEpUaIHy 3a/1adyll 3a B3eMaHe Ha peueHue. Ha
BCSIKa UTEpaIus JIUIETO, B3eMalo petienne (JIBP), Moxe 1a pa3aenn MHOKECTBOTO
Ha KPUTEPUHUTE HAl-MHOIO B CElleM KJlaca, a MIMEHHO: MOI00peHue, Moa00peHHe ¢
JKellaHa CTOMHOCT, BJIOIIaBaHe, BJIOIIaBaHe JI0 ONpeJesieHa CTEIeH, HEeBJIOIaBaHe,
MIPOMEHH, MTO3BOJICHHU B ONpe/elieH HHTePBall, U CBOOOIHU MPOMeHU. Bb3 ocHOBa Ha
pa3AciIsiHeTO0 Ha MHOXKECTBOTO Ha KPUTEPHHTE, ce (OpMyIUpar aBa TUIA cKaja-
pU3MpaIy 3a7a4y —Ha JUHEHHOTO U Ha CMECEHOTO IeJIoUMCIIeHo Tporpamupane. Ha
MOBEYETO UTEPAIMH CE HAMUPAT €JHO MJIK NoBeye (CJ1adK) HeIOMUHUPAHU PEIICHUS
Ha HempeKkbcHaTata pemakcanus Ha 3amadata mHa MKJILIL. Camo Ha HsKOM
WTEpallUy Ce pelllaBa CMEeceHa IeNOYMCIIeHa CKajlapu3upalla 3ajada, 3a J1a ce
HaMepST eTHO WK ToBede (c1a0r) HeTOMHUHUPAHU WK OJIN3KY (cT1abu ) HeTOMUHUPaHH
pemeHus (071130 10 HEIOMUHUpATa MOBBPXHOCT Ha 3ajavata Ha MKIILIL). [pu
ornpenenieHa urepanusi, ako JIBP skenae qa Buau nosede OT €IHO pellieHUE, TOW/TS
MOXe Ja u30epe NpEANoYHuTaHO pelIeHHe Ha OcHOoBaTa Ha HedopMaln3upaHa
nHpopMaIus 3a HETOBHTE NPEANOYMTAHHS WM J1a W3IMOJN3Ba IMpoleaypaTta 3a
MoJpexaHe, OCHOBaHa Ha JONBIHUTENHA (hopmaiiHa nHpopmanus. Ha ocHoBaTa Ha
MPEASIOKEHUS alITOPUTHM € pa3paboTeHa M3CclieIoBaTelicka CHCTEeMa 3a IIOAIIOMaraHe
B3EMAHETO Ha pelIeHusl.
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