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PREFACE

Ever Since Adam, human beings have confronted with
multiple criteria decision problems. We want to have a
good life, which might mean more wealth with good health
and a good second generation, etc. Indeed, in the
records of human culture, all important political, -
economical, and culturel events have involved
multicriteria in their evalution. Recent advances in
microcomputers hardware and software have stimulated the
implementation of MCDM methods using a Decision Support
framework. This new structure which is called Multiple
Criteria Decision Support Systems is a computer-based
system that supports decision makers, utilizing data and
models to obtain a best compromise solution solving
semistructured problems with conflicting objectives.

I am particularly grateful to Dr. R. EVREN for the
many ideas and constructive comments he contributed along.
the way that guided the:shaping of this thesis. I am
also indebted to Dr. F. BIROL of OPEC, a good friend and
colleague, for the time he spent chatting with me to
provide valuable and detailed comments on the MOCEPM-TR.

I would like to thank Dr. F. WIRL of Vienna Techn.
University, Inst. of Energy Economics; Dr. B. BOEHM and
Dr. M. LUPTACIK of Vienna Tech. University, Inst. of OR
and Econometrics for their valuable support and their
direction throughout the development of the MOCEPM-TR.

I wish also thank miss Melissa Romer of University
‘of Pennsylvania for correcting the manuscript cheerfully.
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SUMMARY,

Multiple Criteria Decision Making (MCDM) is one of
the most important research topic in the field of
Management Science today. Recently, MCDM have gained
increasingly attention as an important class of Decision
Support Systems. Decision Support Systems is a
contemporary means of management which is developed in
order to be helpful in making analysis, projections and
sophisticated decisions for the Decision Makers.

The Purpose of this thesis is to introduce Multiple
Criteria Decision Support Systems (MCDSS) and to present
a MCDSS for clean electricity production of Turkey.
Recently, the public in Turkey as is in the world has
become increasingly sensitive to environmental issues
contrary to the Decision Makers'. This sensitivity
turning out the conflict between the two objectives,
namely, cheaper technology of electricity production
causes high rates of emission and environmentally
beneficial technologies are expensive, 1illustrates the
complexity of the problem.

The problem in the models developed by Turkish
Electricity Authority are formulated in terms of cost
minimization of electricity production although the
environmental impact of electricity production plays a
vital role in social and economic life. This new aspect
in supply issues is increasingly integrated into the
international modelling attempts.

That is why, an interactive model for the turkish
electricity sector named MOCEFM-TR (Multiple Objective
Clean Electricity Production Model {or Turkey) which
addresses both of these issues has been (fist time in
Turkey) developed. Under the objective functions of
minimizing both the costs and the amount of emission
caused by electricity productions, the models attempts to
optimize the expansion of the electricity production
systens.

Chapter 1 is an introduction to decision making through
optimization and decision support. An overview and
general features of Multiple Criteria Decision Making are
given in Chapter 2. Although various methods for
multiobjective obtimization have been developed, in
Chapter 3 we focus on some of the main approaches. The
connection between Multiple Criteria Decision Making and
Decision Support systems is introduced in Chapter 5.
Chapter 6 deals with the application. of MCDSS on MOCEPM-
TR which is developed in this work. B
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§7AN

GOK AMAGLI KARARN DESTEK SISTEMLERI VE TURKIYE'NIN
TEMIZ ELEKTRIK URETIMI iCIN BIR UYGULAMASI

Yeryiizii kuruldugundan beri insanoglunun Kkarsi-
lastigi problem aslinda coklu amaclar tasimaktadir. Her
karar verme, bir sistemin kapsaminda problem cézme olarak
diisiinlilebilir. Buna gdre karar vermenin amaci, en genel
ve kapsamli anlamda; uygun sekilde tanimlanmis bir
sistemin en cok arzu edilen bir duruma girmesini saglamak
biciminde ifade edilebilir.

Bilimin yardimi olsa da olmasa da, sezgi ve yargi
kullanmadan karar vermek olanaksizdir ©zellikle cok
boyutlu deger &lclislinin sz konusu oldugu durumlarda...
Bu gibi durumlarda bilimin rolii; karar vericinin secimini
yaparken, sezgi ve yargisini daha etkin bir sekilde
kullanmasina olanak verecek bilgileri tiliretip sunmaktir.
Burada karsilasilan temel sorun ise seceneklerin
kiyaslanabilirligidir. Tek deger ©&lciisi ile kiyaslama
yapilahiliyorsa, en iyi céziimiim saptanmasi kolayca miimkiin
olmaktadir.

Coklu amaclara yo®nelik karar verme durumlarinda
kiyaslama, bilitlin deger ®&lciilerini ayni anda dikkate
almalidir.

Son yillarda Tiirk ve diinya kamuoyu cevre
kirlenmesine karsi son derece duyarli bir hale geldi. Bu
da cevre kirliliginin giindemdeki ®nemli konulardan birisi
haline gelmesini beraberinde getirmistir. Bunun en bilyiik
nedeni; icinde yasadigimiz gezegeni kendi elimizle ve
bilincli olarak yoketmek tehlikesinden kaynaklaniyor.
Hava ve su kirliligi her gecen giin artik ©&nemsenmesi
gereken miktarlarda artmakta.

Kirlemmenin ®nemli bir kismi ise 8zellikle elektrik
{iretimi amaciyla kullanilan santrallerden kaynaklaniyor.
Olaya maliyet acisindan baktigimizda ise karsimiza
iizerinde diisiiniilmesi gereken bir tablo cikiyor. Yani
kirlilige en cok sebep olanlar ucuz maliyetli
teknolojiler, bunun tam tersine cevre dostu olan
teknolojiler ise pahali. Griildiigd gibi karsimizda
birbiri ile celisen iki durum var. O halde burada daha
6énce tek bir amacla ifade edilen problem (kar
maksimizasyonu veya maliyet minimizasyonu seklinde)
yerini cok amacli cdziimlemeye birakmak zorundadir. Ucuz,
fakat dogal cevre acisindan zararli olan yakitlar mi
tercih edilmeli, yoksa, dogal cevre dostu ama maliyeti
yliksek yakitlar mi ?

. Diger yandan, karar vermede bilginin geregi de
inkar edilemez. Ozellikle icinde yasadigimiz su
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informasyon caginda. Karar vermek gelecekle ilgili bir
hiikiim verme islemidir. Gelecek 1ise bir belirsizligi
beraberinde getirir. Bu belirsizligi birazcik olsun
azaltmak ise, karsilasilan karar verme problemine ait
olan bilgilerin sikligi, miktari ve dogrulugu ile
yakindan ilgilidir.. Ciinkii, verilen kararin dogrulugu ve
iyiligi, isabetliligi, eldeki verilerin bir
fonksiyonudur. Su halde, karari verecek olan kisinin
problem hakkinda yeterli veriye gereksinimi vardir.
Fakat tek basina bu bilgiye sahip olmak da verilecek
kararin dogru olmasini gerektirmez.

Karar verecek kisi bir takim destek aletlerine de
gereksinim duyar. Bu destek aletlerinin en basinda
bilimsel modeller gelir. Bilimsel modellerin amaci,
karar vericiye Xkarsilastigi problemi cdzmesinde yardimci
olacak teknikleri ona sunmaktir. Fakat bu da yeterli
degildir. Bazen bu modelleri kullanarak problem cdzmek
cok uzun zaman alabilir ve elde edilen sonuc ise
gerekenden uzun veya gec gelebilir. Karar vericinin, bu
modelleri cbzmesinde zamanini kisaltan en biiyiik yardimci
arac ise bilgisayarlardir.

Coklu amaclarla calisildiginda, geleneksel anlamda
optimizayson gerceklestirilemeyebilir. Bu ylizden en
iyileme kavrami yerini yavas yavas uzlasma, karsilikli
etkilesim gibi kavramlara birakmakta ve karar vericinin
en iyilemeci degil, yetinici oldugundan s&z edilmektedir.

Tek basina opt1m1zasyon modelleri de karar vermede
yeterli olmaz. Iyl, dogru, glivenilir, zamaninda, tam ve
yeterli veriye ise her zaman gerek vardir. Iste Karar
Destek Sistemleri (Decision Support Systems),. rekabetin
ve piyasa ekonomisinin hakim oldugu bir cerceve altinda
basarili olmayi gerektiren modern y&netim araclarlndan
birisi olarak gilindeme gelmistir.

Karar Destek Sistemleri, karar vericinin yapisal
olmayan ya da yari yapisal kararlar almasina yardimci
olmak ilizere ortaya atilmis, uygun veri tabanina ve karar
modellerine dayali etkilesimli bir sistem olarak
tanimlanmaktadir. Temel prensiplerinden bazilari ise;
sistem icersindeki her tilirli bilginin giincel ve dogru
olmasi, bilgilerin kullaruclya sliratle ve 2zamaninda
aktarilmasi, sistemin gecmis, bugiin ve gelecek
boyutlarini icermesi, kullaniminin kolay olmasidir.

Bir Xarar Destek Sisteminin kurulabilmesi icin
6zellikle lic ana unsurun bulunmasi gerekir; veri tabani,
karar modelleri ve bilgisayar programlari. Sayilan
6zellikler olmadan Bir Karar Destek Sistemi Xkurmak ve
istenilen amaclara ulasabilmek oldukca zordur.

Basdondiiriicii diizeye ulasan mikrobilgisayar yazilim
ve donanimindaki son yillardaki gelismeler Cok Amacli
Karar Verme (Multiple Criteria Decision Making)
yéntemlerini ve Karar Destek Sistemlerini ayni cati
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altinda bulusturmustur. Tarihsel olarak olaya
baktigimizda, her ikisinin de 6zellikle 1970 1i yillardan
sonra biiyllk bir ivme kazandigini ve {lizerinde en cok caba
harcanan Xkonulardan biri haline geldiklerini gbriiriiz.
Nihayet bu iki sistem son yillarda birlesmis ve ortaya
Cok Amacli Karar Destek Sistemleri (Multiple Criteria
Decision Support Systems) cikmistir.

Cok Amacli Karar Destek Sistemlerinin temel amaci;
Cozlim aranan problemi uygun bir Cok Amacli Karar Verme
modeli veya modelleri kullanarak, elde edilen Xkarar
alternetiflerini karar vericiye sunan ve ondan gelen -
gerek tercihsel (alternatife ait) gerekse Yyapisal
(probleme ait) degisiklikleri etkilesimli bir yolla coziim
icin ele alan ve probleme ait en iyi uzlasmaci c8zlime
ulasmayli saglamada karar vericiye destek olan bir
sistemdir.

Cok Amacli Karar Destek Sistemleri ve Tiirkiye'nin
Temiz Elektrik Uretimi Icin Bir Uygulamasi baslikli bu
calismanin amaci; Kkarar verici model etkilesimi ile
cesitli varsayimlar ve senaryolar yapmaya olanak veren ve
bbylece en uzlasmasi c6ziimii bulmada -yardimci olarak
kullanilan Cok Amacli Karar Destek ' Sistemlerini
incelemektir. Yukarida da deginildigi gibi cevre
kirlenmesi ve elektrik iiretimi birbiriyle oldukca catisan
iki olaydir. Oldukca popiiler olan bu alanda her iki
olayi da icinde barindiran wve buna karsin en uzlasmaci
alternatif cozilimli sunmak amaciyla da Tiirkiye'nin temiz
elektrik lretimi icin MOCEPM-TR (Multiple Objective Clean
Electricity Production Model for Turkey) adli cok amacli
bir karar verme modeli gelistirilmistir.

MOCEPM-TR iki amaca sahiptir. Bunlardan birincisi,
elektrip {iretim maliyetinin minimizasyonu (ilk yatirim
maliyetleri ve isletme maliyetlerini icerir) dideri ise
elektrik {iretimi sonucunda disariya atilan, dolayisiyla
cevreyi kirleten kirletici miktarinin mimimizasyonudur
(cevrenin gdrsel deger kaybi ve fosil yakitlarinin neden
oldugu kirletme miktarlarini icerir).

Bu modelin c&zlilmesi icin ise cok amacli karar
destek sistem metodolojisi kullanilmistir. Bu metodolo-
jiye gére model &nce Tiirkiye'de su anda izlenen elektrik
Uretim politikasi g&z &niine alinarak coziilmiistiir. Yani
elektrik {iiretim planlamasi icin Tiirkiye Elektrik
Kurumu'nun (TEK) g&z Oniine aldigi tiim politikalar ve
kisitlar bu modelde de kapsama alinmistir. Fakat MOCEPM-
TR bir noktada TEK calismalari ile ayrilmaktadir. O da
MOCEPM~-TR de cevrenin de ele alinmasidir (olayin cevre
boyutunu da ele alan Tiirkiye'deki calismadir). TEK
tarafindan yapilan calismalar ise konunun cevre boyutunu
ele almamaktadir. Elde edilen sonuclar ise TEK
tarafindan yapilan {ic ayri elektrik {iretim planlama
modeli ile ayri ayri karsilastirilmis ve MOCEPM-TR'nin
~cevre boyutunu ele almasina ragmen .elektrik {iretim
maliyeti minimizasyonu acisindan dahi TEK calismalarina



nazaran cok daha iyi sonuclar verdigi gdzlenmistir.
Cevre kirliligi acisindan Xonu ele alindiginda ise
MOCEPM-TR nin TEK calismalari ile kiyaslanamayacak
derecede iyi sonuclar verdigi bulunmustur.

Sonuclar incelendiginde Xkurulan modelin, TEK'in
6zellikle cevre acisindan cok zararli olan ve yerli
{iretim kaynaklarina agirlik veren TEK-3 (Devlet Planlama
Teskilati'nin {iretimde ne kadar «cok yerli kaynak
kullanilirsa ulusal cikarlara o kadar cok yardimci olur
gdriisiine gbre hazirlanmistir) modeli ile cok biiylik
farkliliklar gbsterdigi de bir gercektir. Yerli {iretim
payli fazla olacak diyerek cevrenin kirlenmesine gdz
yumulmamasi gerekir.

Model daha sonra Tiirkiye'nin 1liberal ekonomi
politikasi izlemesi halinde nasil bir sonuc cikacagi
sorusuna yanit bulmak amaciyla, gerekli digisiklikler
yapilarak tekrar coziilmiistlir. Liberal ekonomi politikasi
varsayimi, Komiirdeki ithal vergisinin kaldirilmasini,
linyitteki siibvansiyonun kaldirilmasini ve dogal gazdaki
iist {iretim sinirinin kaldirilmasini gerektirir. Bu
durumda komiir ve 1linyit fiyatlari artacak, dogal gaz
ithal miktari da artacaktir. Dolayisiyla elde edilecek
iiretim miktarlarinin da daha az cevreye zarar verecek
oranlarda oldugu gb&zlenecektir. Nitekim elde edilen
sonuclar bu beklentiyi dogrulamistir.

Sonuc olarak su sbylenebilir; . Tiirkiye gibi
gelismekte olan iilkelerde ana sorun, kalkinma ile cevre
arasinda bir secim yapmak degil, aksine temiz bir cevre
icinde kalkinmak olmalidir. :

Calismanin birinci bollimiinde ©nce ydnetim-karar
verme-sistem analizi-karar destek dortliisi ele alinmis ve
sonrada cok amacli optimizasyona nasil ulasildigi
tarihsel bir gelisim icinde anlatilmaya calisilmistir.

Ikinci b&liim Cok Amacli Karar Verme ile ilgilidir.
Bu bdlimde cok amacli karar verme modellerinin yapisi,
temel kavramlari, bilesenleri ve matematiksel
formiilasyonu ve bu modellerin iki ana grupta genel bir
tanitimi verilmistir.

Cok amacli karar vermeye iliskin modeller ve
teknikler {izerinde son yillarda biiylik bir ivme kazanan
" gelisim g&zlenmektedir. Bu konuda bir cok yeni y&éntem ve
teknikler gelistirilmekte ve eski ybéntemlerin
iyilestirilmesi {izerinde yogunlasilmaktadir. Bunlarin
hepsini aciklamak konumuz olmadigi icin {iclincli boliimde
yalnizca temel bazi ydntemler tanitilmistir.

Dérdiincii bdliim Karar Destek Sistemlerini ele alir.
Bu bdliimde karar vermede bilgisayarin &neminden hareketle
karar destek catisinin nasil Xuruldugu, karar destek
‘sisteminin ne oldugu, karar destek sisteminin elemanlari
tasvir edilmis ve karar destek sisteminin nasil kurulmasi
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gerektiginden hareketle de Karar, Destek ve Sistem
arasindaki iliski aciklanmistir.

Besinci b&liim Cok Amacli Karar Destek Sistemlerinin
tanitimi ile ilgilidir. Burada once cok amacli karar
verme ve karar destek sistemleri arasindaki iliski tarif
edilmis ve buradan nasil bir integrasyonun saglanmaya
calisildigi belirtildikten sonra cok amacli karar destek
sistemlerinin yapisi tanitilmistir.

Son Dbdliim Tiirkiye'nin 2004 y111ndak1 elektrik
tiretim ihtiyacini cevre korumaci tedbirleri de icinde
amac olarak barindiran MOCEPM-TR modelinin tanitildigi
bdliimdiir. Sonucta bu modelle elde edilen degerler TEK'in
yine ayni yil icin yaptigi ve hic birisinde cevre
korunmasina ait herhangi bir kisit veya politika
bulunmadigi modellerin sonuclari ile karsilastirilmistir.
S8z konusu Kkarsilastirmalar iki ana graflk lizerinde
verilmis ve sonuclara ait yorumlar yapilmistir. ’
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CHAPTER 1 _
INTRODUCTION

1.1 Management and Decision Making

Management is a process by which certain goals are
achieved through the use of resources (people, money,
eneraqgy, materialé, space, time). These resources are
considered to be inputs, and the attainment of the goals
is viewed as the output of the process. The degree of
success of a manager’s job is often measured by the ratio
between outputs and inputs. The level of productuvity,
or the success of management, depends on the execution of
certain managerial functions 1like planing, organizing,
directing, staffing, and controlling. To carry out these
functions, managers are engaged in a continuous process
of making decisions. All managerial activities revolve
around decision making. The manager is first and
foremost a Decision Maker (DM). Organizations-are filled
with DMs at various levels. Each manager is charged in
fact with a certain part of an organization’s decision

making activities.

For years, managers have considered decision making
a pure art, a talent acquired over a long period of time
through experience (learning by trial and error).
Management was considered an art because a variety of
individual styles could be used in .approa'ching and -
succesfully solving the same type of managerial problems
in actual business practise. These styles are often
based on creativity, judgement, intuition, and experince
rather than on systematic quantitative methods based on a
scientific approach. With the possible exception of
formulating science itself, art is the most creative of

BN



all human pursuits and management is the most important
off all arts.

The most productive art is always based on an
understanding of the science underlying it. Thus science
and@ art are not mutually  exclusive, but  are
complementary. As science improves, so should art, as
has happened in the physical and biological sciences
(Koontz et.al., 1987). However, the environment in which
management must operate is changing. We 1live in the
information and the microelectronic age, where
technological advancements become a major determinant of
our life-style. Such advances in technology can not
poésibly be made or sustained without concurrent
advancement in management systems.

Even though managers have been performing their
functions and playing their roles for many years, there
is more and better suppﬁort today than everbefore. Modern
managers utilize the available tools and. procedures to
increase the quality of their decisions.

Managers make decisions during the process of
solving problens. Usually, it is necessary to make
multiple decisions to solve a single problem. The term
problem solving implies that something detrimental: has
happened, or will happen, to the organization. The
manager acts to minimize the adverse effects or ensure
that the same problem does not occur. The term should
also include managerial behaviour aimed at capitalizing
on opportunities. Managers do not limit their attention
to things that are going wrong. They also seek to
maximize the benefits from things that are going right.
It is necessary to engage in decision making in both
instances. Faced with alternatives, the DM identifies an
objective to attain this objective by choosing the best
alternative based on the knowledge that they process. If
an inability to come to grips with the meaning of each



alternative at the individual’s present 1level of
knowledge is recognized, additional information will be
sought.Problems arise, and further decision making
activity is requiréd, when the DM acts without sufficient
information. Insufficient information results from the
inability of the sources of information to provide the
needed information or from the inability of the DM to
presuribe accurately his informational needs. It should
be here noted that the manager receives oral and written
information from outside and inside (environmental and
internal sources) the firm for use in decision -making.
Oral informations include social activities, business
meals, tours, telephone calls etc. Written informations
include reports prepared by computer or noncomputer
reports, memos, letters and periodicals..

1.2 Decision Making - System Approach - Decision
Support i

Some people use the term decision making and
problem solving interchangeably. This is acceptable in
casual conversatins, but there is a difference. Managers
make decisions to solve problems and a problém is a
potentially harmful condition that management is required
to prevent or minimize, or a potentially beneficial
condition that management should exploit. A decision is
a selection of a strategy or action. Decision making is
the act of selecting the strategy or action that the DM
believes to offer the best solution. Usually there is a
choise of strategies or actions that the DM consider.
One of the keys to problem solving is the identification
of decision alternatives.

The steps of the system approach provide a good way
to categorize the decision that must be made. Each step
of the system approach requires at least one decision and



a decision support system can be designed to support this

each decision.

Decision making today is more complicated than in
the past. It is more difficult to make decisions for
three reasons. First, +the number . of available
alternatives is much larger today than ever before, owing
to improved technology and communication systems.
Second, future consequences of decisions are more
difficult to predict because of increased uncertainty.
Finally, the cost of making errors can be very large
owing to the complexity and magnitude of operations,
automation, and the chain reaction that an error may
cause in many parts of the organisations. As a result of
these trends and changes it is very difficult to rely on
a trial and error approach to management, especially in
decisions involving the factors technology, competition,
international markets, government intervention. Managers
must become more sophisticated. They must learn how to
use new tools and techniques that are beign developed in
their field. Many of this techniques use a’  quantitative
analysis approach; they are grouped into a .discipline
called Operations Research (OR) and Management Science
(MS) .

The main focus of OR and MS has been to aid the
decision making process in a managerial setting.
Throughout their developments as number cruncing and
computers have been progressively harnessed by the OR and
MS analysts to support the representation and solution of
their gquantitative models. System analysts and data
processing specialists starting from another end of the
spectrum have again strived to support the decision
making process. Business analysts and behavioural
scientists have also focussed their atention on
managerial and organizational problems and today the
multi-disciplinary contributions towards decision support
aids is well accepted.



1.3 Multiple Objective and~0ptimizaticn

In any decision or design process, one attempts to
make the best decision within a specified set of possible
ones. The notation of "best" is in the eye of beholder.

In the siences, "best" has traditionally referred
to the decision that minimized or maximized a single
criterion; in economics, Y"hest" referred to the
‘simultaneous optimization of several criteria. It would
seem that the latter approach is more realistic and that
only the constraints of habit and 6apability prevented
multicriteria optimization from being the approach
generally accepted in science. :

Throughout, the emphasis has been on the optimal
decision rather than on the minimum of some criterion
function; that is, to some extent, the criterion function
has served as an artifice for arriving at optimal
aecisions. An analysis of the decision process indicates
that there are two fundaﬁentally different approaches to
decision making: one can order the decision set’ itself,
or one can induce an ordering by bringing the decision

space into correspondence with some ordered space.

In terms of the evolution of the subject, the
latter approach was probably the more natural one, since
it extended single criterion optimization to that of
several criteria; In economics, the criteria are
generally the utilities of individual consumers, and it
was Edgeworth in 1881 who first succesfully defined an
optimum for such a multiutility problem in his book on
mathematical psychics in the context of two consumers, A
and B: "It is required to find a point (x,y) such that in
whatever direction we take an infinitely small step, A
and B do ‘not increase together but that, while one



increases, the other decreases".- Some year later, in
1906, Pareto t00k‘the more direct approach of ordering
the decision set directly and subsequently defining an
optimum for n consumers in that manner: "we will say that
the members of a collectivity enjoy maximum ophelimity in
a certain position when it is impossible to find a way of
moving from that position very slightly in such a manner
that the ophelimity enjoyed by each of the individuals of
the collectivity increases or decreases. That is to say,
any small displacement in parting from that position
necessarily has the effect of increasing the ophelimity
that certain individuals enjoy, of being agreeable to

some and disagreeable to others".

This statement has been the basis for terming
optimal decision defined in this manner as Pareto
optimal. Clearly, Edgeworth’s statement is more related
to what is now termed a multicriteria problem. Whis this
in mind, as well as historical precedent, such optima
sould more appropriately be termed Edgeworth-Pareto
optima. Since it was Edgeworth who based his approach on

the assumed existence of utility functions. Indeed,
Pareto emphasizes that his approach is based on the use
of indifference curves. This optimality concept is

presently the most widely accepted in multiobjective
optimization.

Optimization primarily is an organized and
constructive approach to good decision making. In
practice, one is often interested simply in improving an
existing design, and necessary conditions for an optimum
can then provide a guide to those design changes that
will lead to improvement. The theoretical optimum serves
as goal and limitation of the design process. It is this
broader view that is needed to allow optimization to
become a standard tool for practicing engineers (Stadler,
1988). Multicriteria optimization is particularly well
suited to such an approaéh, since it generally yields an



infinite family of bptimal designs from among which :the
designer may then select a final optimum. In most
applications, it is the optimal design - that is of
interest and not the ultimate value of some criterion
function used in deriving the design. It would thus seem
that Pareto’s approach of ordering the decision set
directly is the most natural approach. In practice, most
results are based on the use of criterion functions.

Multiobjective Mathematical Programming (MMP) is
one way of considering multiple objectives explicitly and
simultaneously in a mathematical programming framework.
Much of the research in this important area has occured
sinde 1970. In fact, Zeleny (1982) notes that the more
general area of multicriteria decision making (MCDM) was
the most rapidly growing area of OR/MS during the 1970’s.
The work of the 70’s and early 80’s has it roots in
earlier times however. For example, in 1951, Koopmans
gave proofs of necessary and sufficient conditions for
efficiency and Kuhn und Tucker (1951) formulated the
vector maximization problem. :

The progress of multiobjective problems evolving
rapidly over the last two decades has occured primarily
in three disciplines: operations research, economics and
pychology. Within operations research for example, in
1951, Koopmans gave proofs of necessary and sufficient
conditions for efficiency and Kuhn und Tucker (1951)
formulated the vector maximization problem. Gass and
Staaty (1955) provided the first approach &applicable to
multiobjective programming problems.

The economists’ first concern that could be
characterized as multiobjective was with the efficient
allocation of resources (Koopmans, 1951). Later, Marglin
(1962,1967) introduced multiobjective analysis as an



alternative ‘to traditional benefit/cost analysis for
public investment decision making.

The psychologists’ contribution to multiobjective
.approaches stems from their concern with how an
individual choses from among a set of multidimensional
alternatives. Torgerson’s (1958) landmark work has
spawned many so-called "scaling" methods for aiding the
individual decision maker.

As we look at recent developments in multiobjective
methods we see continuing advances in each of these
disciﬁlines and extensions of previous work into new
areas. The interest in multiobjective programming among
operations researchers continues; indeed, it has grown.
There are many reasons for the increasing interest in
multiobjective programming. First, and most importantly,
is the increasing recognition that most decision problems
are inherently multiobjective. Even many problems
addressed by classical single objective models can easily
be viewed ass multiobjective in nature. The reason for
the multiobjective nature of these problems. is simply
that the outcomes associated with the decision are
multidimensional. For example, a'policy which adldresses
capacity expansion for an electric utility affects not
only operating and capital costs, but also system
reliability, environmental degradation, and the rate
structure for the utility’s ' customers.

A Second, but related, reason for increasing
interest in multiobjective programming is the recognition
of numerous stakeholders in many problems. This fact
manifests itself in the increasing governmental
involvement in the planning problems of private industry
and the greater interest in private industry in the
asocietal implications of their decisions.



Finally, a third reason is the enormous improvement
over the last 20 years in the speed, storage, and
flexibility of computing facilities. Algorithms for
solving MMP probléms typically require much more storage
and CPU time than algorithms that addressed similar

single objective models. In addition, many of the
multiobjective algorithms require an iterative approach
between the decision maker and the computer. These

interactive approaches necessitate speedy responses from
the computer and flexibility in computing hardware and

software.



CHAPTER 2
MULTIPLE CRITERIA DECISION MAKING

Decision making may occasionally be contfronted
with important decision making problem although most of
the time, it is almost routine and does not require
sophisticated analysis. Correct decisions become
important for own welfare, future happinéss, and success.
For example, upon graduation from a university, we may be
offered several kind of jobs. Each job has a combination
of elements including salary, advancement potential,
working enviromment, 1living environment and frendship
possibili-ties with colleagues. This situation
inevitably involves multiple criteria, and the decision
could be very important to our success and happiness. A
careful analysis before choosing a job’ is therefore

important.

Most project and program design and planning
problems are characterized by a large (frgquently
infinite) number of alternatives. Single objective
methods are predicated on a unique measure of
effectiveness, so that they lead to the unambiguous
identification of an optimal alternative. Decision
makers will therefore be in the position of accepting or
rejecting this single alternative identified as the best.

2.1 Multiobjective Approach

Multiobjective methods are used to generate and
evaluate more than a single objective. The number of
alternatives that are ultimately presented to DMs varies
from one multiobjective programming technique to another.
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It 1is generally true, hdweVer,: that multiobjective
approaches will indicate to DMs a range of choice than
the one "optimal" project identified by single objective
methods. This larger range of choice is due to the
articulation of value judgements regarding the objectives
by DMs in the project selection phase rather than during

analysis.

This aspect of multiobjective programming is
perceived as an advantage. A general rule for decision
making which is assumed here is thét more information
(carefully presented) is better than less information.
The decision to ‘acdept or reject a single optimal
alternative is an uninformed decision. Informed,
rational decision making requires a knowledge of the full
range of possibilities. This can be . provided by
multiobjective analysis.

Perhaps the strongest support for the use of
multiobjective methods comes from reality: Real-world
problems are multiobjective. Public action generally
impacts many different group and social concerns. The
imposition of a single objective approach on such
problems is overly restrictive and unrealistic.
Multiobjective analysis .allows several noncommensurable
effects to be treated without artificially combining
them. This is clearly a significant improvement in
analytical capability.

2.2 Definition and Concepts

Multiple criteria decision methods can be best
defined by constrasting them with traditional decision

models:

MCDM allow analyses if several criteria
simultaneously or concurrently. These criteria may be



-12-

either Jquantifiable (cost, weight, etc.j or non-
guantifiable (quality of service, ~aesthetics, etc.).
More importantly, at least from the decision maker's
viewpoint, the objectives often work against each other:
The improvement or achievement of one criterion can be
accomplished only at the expense of another. )

MCDM also allow consideration of the decision
makers' objective evaiuation which is often crucial in
decision problems. In most MCDM, the decision maker (DM)
can express his preferences by weighing the evaluation
criteria, making pairwise judgements or simply giving an
ordinal ranking of a set or subset of alternatives.

From this perspective, MCDM, by means of more or
less formalized models, attempt to heip the DM(s) to
assess objectives that might intervene in the decision-
making process, and to improve the coherence between the
evolution of the decision-making process and the changes

in the user(s)' preferences.

Ekperience with MCDM has shown that when the DM
assesses criteria, weighs their relative importance, and
evaluates alternatives according to the selected
criteria, he often discovers preferences that he was not
aware of, and becomes able to structure problems that
previously had not been clearly stated (Zeleny, 1982).
It is generally acknowledged that the greater the
correspondence between the results suggested by an
analytical tool and DM's intuitive judgements, the higher
the level of confidence, In fact, the DM's confidence
that a “best' solution has been reached is the ultimate
objective of MCDM, regardless of whether this decision is
optimal or satisfying. Thus, the use of MCDM is
' particularly relevant when a DM faces a hard choise among
alternatives in which none of them stands out from the
others as clearly the best choise: each alternative is
good in some criteria but less good in some others.
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In a decision situation we have objectives,
criteria, goals, attributes, constraints and targets, in
addition to decision variables. Because mahy of these
terms have essentiaily the same dictionery definitions,
it is useful to diétinguish among them in a decision-
making context. Let us define these terms, as they are
popularly wused in the MCDM filed, and how they

interrelate.

2 criterion is a measure of effectiveness of
performance. It is the basis for evaluation. Criteria
may be further classified as goals or targets and

objectives.

A goal (synonymous with target) is something that
is either achieved or not. For example, increasing sales
of a product by at least 10% during one year over the
previous is a goal. If a goal cannot be or is'unlikeiy
to be achieved, it may be converted to an objective. From

this point of view, goal is an objective.

An Objective is something to be pursued to its
fullest. Objectives are the directions "to do better" as
perceived by the DM. Thus, objectives are reflections of
the desires of the DM and they indicate the direction in
which the DM wants the organisation to work. Consider
the problem of making ‘deveiopment plans for the
government of a developing country. The objectives of
the government in devising the acceptable plan would be:
to maximize the national welfare; to minimize dependence
on foreign aid; to minimize unemployement rate etc. The
objective functions may all be assumed to be maximised,
without loss of generality, because any objective that is
to be minimised can be minimised by maximising the value
of its negative. Some of the objectives, such as
economic considerations, have attributes that permit a
precise performance measurement. others, such as
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aesthetics, are ;hithy subjective inte a noun.

Therefore, we may have a subjective objective.

To adequately represent the objectives, we must
choose appropriate attributes. Keeney and Raiffa (1976)
indicate five characteristics the selected attributes of
the objectives should have: They should cover all apsects
of a problem (complete), they can be meaningfully used in
the analysis (operational), they can be broken ihto parté
to simplify the process (decomposable), they avoid
problems of double counting (nonredundant), the number of
attributes should be kept as small as possible (minimal).

An attribute is a measure that gives a basis for
evaluating whether goals have been met or not, given a
particular decision. Attributes proQide- a mneans of
evaluating the levels of various objectives.

A  decision variable is one of the specific
decisions made by a DM.

A constraint is a limit on attributes -and decision
variables that may or may not be stated mathematically.

What we do if we have any goals or targets. If
they are simultaneously achievable, we simply - add
constraints that stipulate the specified value be met and
not consider them further.  Thus, the achievement of the
goals is transformed into a admissible solution
satisfying all of the constraints. There is an
interesting duality between objectives and constraints,
in that the two are closly related. If the goals are not
all simultaneously achievable, simply adding con-straints
‘as above will lead to no feasible solution to the
multiple criteria problem. What must be done in such a
situation is to relax some of the goals, or to change
goals to objectives as described earlier: to minimise the
differance -between the goal and the outcome. Although
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this process is somewhat of an art, several of the
methods to be considered do find a solution that is close

in some sence to a goal vector. ..

Zionts (1985) recommend that at most the magic
number of about 7 objectives be used. If there are more
than about 7 objectives, first, use constraints to limit
outcomes of objectives about which we are sure or abut
which we feel comfortable about setting such limits.
Since constraints must be satisfied at any price, the
\conétraints should not be made too tight. Further, it is
useful to check whether feasible alternatives still exist
after adding each constraint or after adding very few
constraints. An alternative is to treat some of the
objectives as goals or targets. We attempt to satisfy
the goals. If we cannot, we treat them as objectives and
we try to get as clése to achieving them as possible.

2.3 The MCDM Input-Process-Output Paradigm

Figure 2.1 describes the general process of MCDM,
by referring to the traditional Input-Tool-Output
relation of Bui (1984). ’

2.3.1 The Input Component

The Input dimension includes two  important
components, a set of coherent alternatives and the DM(s)'
preferences.

The alternatives are the possible, relevant and
efficient cources of actions givenra’particular decision
problem. In MCDM, actions are explicitly assumed
“naturally' mutually exclusive. If this is not the case,
one might have to ‘“artificially' segment them into
mutually exclusive subsets of independent, fragmented
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actions. The DMs' preferences must be clearly defined in
some models whereas they can be less specified in others
(specified versus fuzzy evaluation). Preferences can
also be fixed and Qery precise -or variable and unknown
throughout the decision process (deterministic versus
stochastic evaluation). Finally, preferences may have a
local structure or a global structure (disaggregation or

aggregation of preferences).

Input > Tool > ~Output
A
L
set of
alternatives
A N .
* descriptive
> * prescriptive
Methodologies » :
>
v A
DM's
preference
' v
toolsmith
(analyst)

Figure 2-1 The Input-Tool-Output Relation in McDM
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2.3.2 The Tool cdmponent

The tools are made up by the methbdology used and
the analst(s)reguired(s) for MCDM. The purpose of the
tool is to help assess the DM's preferences based on the
expected preferences of the courses of actions, and to
search for a solution or compromise. The underlined
methodology can be algorithmically precise or heuristic.
The analyst(s) can be the DM, the MCDM expert or a MCDM
computerized decision support system. The human expert
often plays the role of intermediary between the user and
the model. The degree of participation of the
intermediary varies according to the methodology adopted.
In some MCDM, a specialist is indispenable. In some
others, the end-user can interact more or less directly
with the model. '

2.3.3 The oOutput component

The output or results presented by a -MCDM to the
user can be descriptive (i.e. séenario methods) or
prescriptive (i.e. utility models). Unlike conventional
econometric or OR methods that often overwhelm the user
by a hige amount of information, MCDM often provide a
short synthetic analysis of a decision and its
consequenées. Ranks, zero-one matrices and graphs are
common outputs in MCDM to indicate the selected
alternatives, often called the decision outcome.
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2.4 Mathematical Considerations of MCDM

The general multiple criteria decision making

problem may be formulated as follows:
maximize [ £5(x),f5(%), ... ,Ep(x) 1 (2.1)
subject to gj(x) <0 , j=1,2,...,m

or in a vector notation

Maximize F(x) (2.2)
subject to G(x) <0

where x is the vector of decision-variaﬁles; F(x) is the
vector of objectives to be maximized. Any or all of the
functions f; (x) and gj(x) can be nonlinear. This problem
is also referred to as vector maximum problem (VMP). The
constraints that define the feasible solution space where
X . is defined as fallows:

The feasible set X is the set of decision variables
x¥ which satisfy the constraint set G(x) < 0, i.e.
X={x|G(x)<0}. With each point in X there is an
associated F(x) vector. So, it is possible to map into a
set S in the objective function space. S can be formally
defined as fallows:

8 is a set of functional values F(x) for each
vector x in X, i.e., S = {F(x) |xeX}. '

As a result, a VMP can be represented in any of the
following three equivalent notations:

(a) Max F(x) (2.3)
subject to G(x) £ 0 '
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.(b)‘ Max F(x) , (2.4)

subject to X € X
(c) Max F(x) _ (2.5)

subject to F(x) € S

Before the introduction of the idea of optimal
solution, nondominated solution and the others in the
contex of a VMP, I will clarify these concepts with the
help of two numerical examples given Hwang and Masud
(1979).

Example 1:

Max f1 =% + X,
Max f2
subject to

|
b
N
!
b
-

Example 2

Max f1 = X5
Max f2 = X; — Xq-
subject to

Figure 2.2 shows the decision variable space
representation of both examples. Figure 2.3 shows the
objective function space representation of example 1.



. Definition (Buperior/optimal Solution) : x A
‘solution x* € X, which maximizes each of the objective
'functions'simultaneously, is called a superior or optimal
solution and a solution x* to 'a VMP is said to be
superior if and only if 2* € X and fi(x*)'z £;(x) for

i=1,...,n for all x € X.

Looking at the examples it will be seen that
example 2 has an optimal solution. This optimal solution
is located at (x;,X;) = (0,3) where (f,f;) = (3,3) 3
this is shown by point B in Fig. 2.4. For example 1,

‘there is no optimal solution. The maximum value of f; = 6

which occurs at A = (3,3); the maximum value of f, = 3
~which occurs at B = (0,3). Point F in Fig. 2.3 gives f,
"= 6 and f, = 3, however, the point is outside the

feasible region S,.

A concept which is related to the one of optimal

solution is the ideal.

AL Xl_:z

X3

Xy Xz >0

c g . D
1 2 3
Fig. 2.2 Decision variable space representation of the feasible

vX.l

-area of Examples 1 and 2.
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Definition (Ideal) : The ideal for VMP is a point
in the outcome space, such that fil for i = 1,...,n is
the optimal objective function value for the problem:

Max f% (x) subject to x € X. (2.6)

It shold be noted that the outcome associated with
an optimal solution is the ideal.

Typically at least two of the n objectives are
conflicting in nature. For this reason, an optimal or a
superior solution to VMP rarely exists. In problems such
as these, the DM is interested in finding efficient
solutions:

Definition (Nondominated/Pareto-optimal/Efficient /
noninferior Bolution) : An efficient solution is one in
which no one objective function can be improved without a
simultaneous detriment to at least one  of the other
objectives of the VMP. That is, x* is ‘an efficient
solution to the VMP if there does not exist- any other
feasible solution, x € X such that fi(x*) < £y(x) for all
i and fj(x*) < fj(x) for at least one j. It should be
also noted that an optimal solution is an efficient
solution, but that an efficient solution is not
necessarily an optimal solution. |

For example 1, all solutions for x,=3 and 0s<x;<3
are nondominated. 1In Fig. 2.3, these efficient solutions
are represented by the straight 1line BA. All the
efficient solutions must lie on the boundary BA of S;
because any point interior to S; is efficient by at least
one point on the boundary BA.

For most of the VMPs, the number of solutions in
the set of nondominated solutions is quite large. For
this reason, the DM must take a final selection of the
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most satisfactory solution by using some other criteria.
This final solution thus chosen is known as the preferred

solution.

Definition (Preferred/Best Solution) : A preferred
solution is an efficient solution which is chosen by the
DM, through some additional criteria, as the ‘final.
decision. As such, it lies in the region of acceptanée
of all the criteria values for the problem.

Definition (Satisficing Solution) : A satisficing
solution of Simon extended to a VMP is a reduced subset
of the feasible set, which exceeds all of the aspiration

" levels (goals) of each objective. Satisficing solutions
need to be efficient. This solution is credited for its
simplicity which matches the behavior processes of the DM
whose knowledge and ability are limited.

Typically, the feasible solutions to VMP are only
partially ordered by the "more is better' assumption.
Hence, in most cases, there will be many efficient

solutions. One of these efficient solutions will be
preferred by the DM, in terms of its outcome, at least as
much as any other feasible solution. However,

~determining what this solution is, assuming the existence
of at least two efficient solutions with different -
outcomes, requires further information from the DM
concerning his preferences. One way of expressing this
information is through the use of a value function over
the muitiple objectives of the prbblem.

pefinition (value Fuction) ¢ A function v , which
associates a real number v(f(x)) to each x € X, is said
to be a value function representing a particular decision
~ maker's preference structure provided that:.

(1) £(x1) - £(x2) if and only if v(f(x1))=v(£(x?))

for xl, %2 ‘g X; and



-24-.

(2) £(x})> £(x?) if and only if v(f(x1)) > v(f(x?))
1 .

for x1, x2 € X

where, f(xl) ~'f(x2) denotes that the DM is different
between outcomes f(xl) and f(xz) and f(x1)>—f(x2) denotes
that the DM prefers f(xl) to f(xz).

Given the value function v, one can denote a new
mathematical program, analogous to problem (2.6), in that
also considers multiple objectives, but in an implicit
fashion:

Maximize v(f(x)) subject to x € X (2.7)

In essence, problem (2.7) recasts the multiple
objective problem into one involving a single objective,
maximization of the value function. Two mappings are
involved in this problem: one from the decision variable
space into the objective space, and a second from the
objective space into the value space: Solving pfoblem
(2.7) means finding that solution which maximizes v over
all feasible solutions; such a solution is called a best
compromise solution. Also, note that if a value function
(which represented the pfeference structure of all of the
problem's decision makers) could easily be found for each
and every multiobjective mathematical program, there
would be no need for multiobjective optimization
techniques. Every multiobjective mathematical problem
could be restructured as 'a single objective problem.
However, a value function is often difficult to specify
for a particular DM or group of DMs. But, assuming the
existence of more than one efficient solution, at least
some information must be obtained about the DM's
preference structure in order to find a best compromise
solution. Hence, in addition to an optimization scheme,
some procedure to obtain this preference information

required.
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2.5 classification of Multicriteria Decision
Making Methods

MCDM is concerned with the methods and procedures
by which multiple criterié can be formally incorparated .
into the ahalytical process. From'this'point of view,
the problems of MCDM can be broadly classified into two
categories as it can be seen in Fig. 2.5:

a) Multiattribute decision analysis
b) Multiple criteria optimization

Multiattribute decision analysis is most applicable
to problems with a small number of alternatives in an
environment of uncertainty. Multiple criteria
optimization is most often applied to deterministic
problems in which the number of feasible alternatives is
large. Whereas multiattribute decision anélysis has been
most applicable in resolving difficult public policy
'pfoblems (nuclear power plant sitting, locaFion of an
airport), shortly for selection (evaluation), multiple
criteria optimization is more useful with less
controversial problems in business and government, namely
generally for design.

The distinguishing feature of the multiattribute
decision analysis is that there is usually a limited and
countably small number of predetermined alternatives.
The alternatives have associated with them a level of the
achievement of the attributes (which may not necessarily
be quantifiable) based on which the final decision is to
be made. The final selection of the alternatives is made
with the help of inter- and intra-attribute comparisonsf
The comparisons may involve explicit or implicit
tradeoff. |
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" Table 2.1 MADM vs MCDM

MADM MCDM

Criteria (defined by) Attributes Objectives
-Objective Implicit Explicit
Attribute Explicit Implicit
Constraint Inactive Active
Alternative. Finite number, Infinite number,

discrete continuous
Interaction with DM Not much Mostly
Usage | Selection/ Design

Evaluation

Multiattribute decision analysis is most fully
covered by Keehey and Raiffa (1976) and Hwang and Yoon
(1981). I will consider some of the multiple criteria
optimization techniques in this work. '

'2.5.1 Multi-Attribute Decision Making Methods

Multiattribute decisions are a class of decisions
that commonly occur. The problem is to choose from a set
of options that one which best applies to the DM's
problem. The problem may be complicatedobyAconflict in
the DM's objectives, e.g. one cannot buy a portable
computer that is also cheap. Furthermore, several groups
may participate in the decision making process and have
different ideas about what should be achieved. Thus, the
situation is complicated by having a single or multiple

decision makers considering multiple objectives.

The options are measured or assessed according to a‘
collection of attributes. Many approaches to multi-
attribute decision making in practical contexts use
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multi-attribute utility ftheory. This is based on some
fairly strict axioms governing human preferences, which
limit the interaction between attributes so that trade-
offs across attributes are constént. Multiattribute
utility theory requires that each option be measured
fairly accurately against the attributes, which makes
handling subjective attributes, such as qhality of life
or responsibility or trust, difficult to assess in a
meaniﬁgful way. It can happen that attributes which are
important to the DMs are not considered because the
underlying mathematical model does not ’represent them
properly. This can compound the difficulties in applying
the technique, which is of a sufficiently mathematical
nature that people find it difficult to understand and
have to rely upon an analyst to intervene in applying the
technique to the DM's problem. '

Once the attributes have been selected, each option
is assessed, utility trade-offs determined and an
evaluation of each option may be caiculate_d. Having
egtablished the background axioms, these calculations are
quite straightforward and most favoured option may be
identified. i

Multi-attribute utility theory can be difficult to
apply to higly subjective criteria, particularly if
untrained people are involved in the decision making
process or are using the techniques without trained
supervison. However, the technique is a help to DMs in
that the structure which the mathematics imposes upon the
problem is of itself useful in finding a satisfactory
solution. Therefore, a decision making technique was
devised which provides a structure within which to
express the decision making problem and at the same time
can accomodate the subjective criteria which are more
difficult to assess under a formally mathematical
technique.



In classification of multiattribute decision
analysis the decision makers' judgements vary in form and
depth. One may not indicéte'his preferences at all, or
may represent his preference through the form of
attribute or alternative. The degree of Jjudgement skill
also varies. For example, we may list the different
preference informations on attributes by the ascending
order of complexity: standart level, ordinal, ‘cardinal
and marginal rate ofksubstitution. Classification method
for MADM based upon different forms of preference
information from a DM was -adapted from Hwang and Yoon
(1981). The classification has been made in two steps.
Stage I: the type of ' information (attribute or
alternative or neither) needed from the DM, stage II: the
salient feature of the information needed.

2.5.2 Multiple Criteria Optimization Methods

"The classification of solution techniques for
multiple objective optimization problems according to the
timing of the requirement for preference - information
versus the optimization was adapted from Hwang and Masud
(1979) . The methods are classified according to the four
approaches of articulation of the DM's preference
structure.

a) No articulation of preference information,

b) Prior to the optimization (prior articulation of
preference,

c) During, or in sequence with, the optimization
(progressive articulation of preferences),

a) After the optimization ( a posteriori
articulation of preferences)

No articulation of preference of information given
means that methods following this approach do not need
any interobjective or other subjective preference
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information from the DM once the problem .cc:)nSt'r.ainAts, and
objectives have been defined. Thus thlS " approach
requires that the DM be able to accept the solution
obta»iﬁed from the method. The advantége of this route is
that in the process of obtaining the solution the DM will
not be disturbed by the analyst, which is preferable from
the poin{:‘ of view of the DM. But a major disadvantage
then is the necessity for the analyst to make many
assumptions about the DM's preference. This is difficult
to do with even the best and most knowledgeable analyst.

Techniques which employ a prior articulation of
preferences can involve the explicit use of a value
function as in the direct assessment and maximization of
the DM's value function, or implicit use of a value
function as in goal programming (Lee 197.;3) , lexicographic
ordering (Keeney and Raiffa 1976), or the achievement
scalarizing function approach (Wierzbicki 1981). - The
value function of the DM is specified through interviews
between the DM and analyst. The major disadvantage of
such prior approaches is the difficulty which the DM has
in specifying the required preference information. The
optimization parts .of such approaches are relatively

trival however.

Multicriteria optimization methods which require a
progressive articulation of preferences often involve an
interactive DM-computer approach. As in the case of
prior articulation of preferences, the emphasis here is
on finding one best compromise solution. These algorithms
typically are initiated »through the finding of an optimal
solutién to a single objective problem, related in some
way to the original multiobjective problem. The DM is
then required to provide some information concerning his
preference structure over the multiple obj ectives,
relative to the outcome arising from this solution. Using
this preference information, the algorithm sets up a new.
single objective problen for the next . iteration.
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Iterations continue until the DMAdecides that the cﬁrrent
solution is "close enough" to e best compromise solution.
The various algorithms differ in the type of single
' objective problem solved at each iteration and the type
of preference information required of the DM. For
example, some algorithms employ a singie objective model
which involves the maximization of a weigted sum of the
problem's individual objectives, subject to the
constraints of the original multiobjective problem, plus
possibly some constraints which restrict individual
objectives to the attainment of specific aspiration
levels. The types of preference information required of
the DM could be a rank ordering of various outcomes, a
selective adjustment or readjustment of aspiration
levels, or hard tradeoff information.

Algorithms characterized ‘by a posteriori
articulation of preferences are concerned with finding,
all (or most) of the efficient solutions to a problem,
presenting these solutions to a DM or DMs, and then
having one solution chosen as the best from this set of
‘efficient solutions through some arbitrary process. The
main advantage of this approach is that only the "more is
better" assumption is required of the DM in order to
generate all of the efficient solutions. A value
function is not needed in the analysis. There are three
disadvantages, however; first, the algorithms themselves
are often very complex and hence difficult for DMs to
understand; second, many real problems are too large to
solve using this approach; and, third, the number .of
efficient solutions generated is often too large for the
‘DM to analyze effectively. Techniques involving either
progressive or the a posteriori articulation of
preferences are discussed in Hwang and Masud (1979),
Zionts (1986), Steuer (1986).
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A few algorithms involve a combination of two or .
more of the three pure approaches discussed above. For
example, el'icitatiqn of some preference information prior
to the use of an algorithm which empioys a progressive
articulation of preferences may allow that algorithm to
operate more efficiently.



CHAPTER 3
INTERACTIVE MULTIPLE OBJECTIVE OPTIMIZATION

Once we obtain a mathematical model we try to
select an alternative approprlate with respect to our
desires. At this stage, we often have multiple criteria
due to the multiplicity of our desires. Through the
processs of evaluation modelling, such criteria are
repressented by some mathematical form. Many tools have
been developed for identification of numerical criteria
representing our desires even though they are subjective.
For example, tatitical methods such. as Tregression
analysis, psychological scaling methods such as utility

or value analysis. )

Suppose that we have these numerlcal crlterla
fl'fz"“'fk by some methods. It is sometlmes p0551ble
to aggregate them into an overall objective functions
U(fl,fz,...,fk) by some trade-off methods, for example,
multiattribute utility/value analysis. Then our problem
becomes a traditional mathematical programming problem
with a single objective function. To do this, however,
the DM is required to make his judgement on trade-off in
a complex manner. Sometimes it is much laborious. - In
such a case, we had better treat multiple criteria as
they are. To this aim, another approach called
interactive programming methods have been developed.

Interactive multi-objective programming (IMOP) is
concerned with the class of multi-objective decision
problems in which "no single objective  function can
adequately serve to compare the difference in
desirability among feasible solutions" (Ros 1985), and
therefore a vector of performance indices has to be used
to represent the multiple objectives. IMOP is most
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appropriate when uncertainty abounds and when the. set of
feasible solutions is large.

Interactive programming methods perform'simultane;
‘ously both the search of solution and the evaluation
modelling. In this approach, without identiinng the
preference function, the solution is searced by eliciting
iterativly some local information on the DM' preference.
The aim of interactive progrémming methods is to support
the DM to make their décision'easily in a cooperative way
with computers. Therefore, it goes without saying that
it is very important in developing these interactive
-methods to make the best use of the strong points of man
and computer. :

3.1 Interactive Programming as Man-Computer
Interfaces

Altough there have been remarkable developments in
intelligent information process of computef.systems, the
value judgement will be left to human heignsfstill in the
future. It is very important in developing interactive
methods to make the best use of the sttong points, of men
and machines. Computers are strong at routine, iterative
computation and can treat 1large scale and complex
computation with high speed. On the other hand, men are
good at global (but, possibly, rough) judgement, pattern
recognition, flair, and learning. With these points in
mind, mainly the following proporties .on desirable
interactive multi-objective programming methods are

imposed:

(a) The way of trading-off is easy. In other
words, DM can easily grasp the total balance among the
objectives.

' (b) The judgement and operation required to DM is
as simple as possible.
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(c) The informatibn shown to DM is as imntuitive "and :
‘understandable as possible. ‘ ,

(d) The treatment by computers is as quick as
possible. |

{e) The convergence to the final sclution is rapid.

(f) Decision maker -can easily accept the obtained
‘solution. In other words, he can understand why it is so
and what it comes from (explanatory)

(g) Through the interaction process, DM can learn
many things (learning effect), i.e., gaps between his
desires and the real world, and mutual -understanding of

participants in group decisions.

- Therefore, interactive methods are most appropriate
of the methods of solving multicriteria mathematical
programming problems from the point of view of their
correspondence of ‘a DM nature.

Interactive programming methods seem promising, in
particular for design problens. However; in applying
optimization techniques, we often encounter some-
difficulties. For example, in structural design problems
such as bridgés, function forms of some of criteria
cannot be obtained explicity, and their values are
usually obtained by 'complex structural analysis.
Similarly, values of criteria in the design of camera
lenses are obtained by simulation of ray trace; moreover,
the number of criteria is sometimes over 100.

From such a practical viewpoint, many existing
interactive optimization methods require tooc many
auxiliary optimizations during the whole inraction
process. Moreover, some of them require too high a
degree of Jjudgement of decision makers such as. the
marginal rate of substitution, which seems to be beyond

men's ability.
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For the purpose of getting a solution, interactive
satisficing .methods seem advantageous,‘iecause they are
simple and easy to carry out. Howevef, the fact that we
can obtain a soiution with less information on decision
makers' pereference is in some cases a demerit as well as
a merit. For, in many decision problems, there are
multiple persons concerned with those problems, and,
hence, it is important to get better mutual understénding
and communication. To this ennd, methods providing the
preference information of these people seem rather
advantageous. This point is outstanding in particular
for problems of public sectors. Since the real worl is
complex, it is not so easy to conclude which method is
the best. Many practical appliCationsvéould encourage us
to sophisticate methodoiogy in future.

All interactive methods differ 'in the form of the
DM's involvement in the process of solving multicriteria
programming problens. They also be considered as an
iterative process of interaction between a DPM and a
computer. Each iteration consists of a decision making
phase, performed by a DM, and an ,optimiza;ion phase
carried out by a computer. Depending on the form of the
DM's participation in the solution process Larichev and
Nikiforov (1971) classify all interactiVe procedures into
thrée groups: nonstructured, pseudo-structured and
structured although such an approach is rather empirical.

3.2 Decision Maker's Capabilities in Processing

Multiple Factor Information

The DM whose preferences and experiehce are
commonly used in interactive methods is considered a
special reliable device providing information for the
unknown utility functicn. However, it follows from
pychologyical studies that a DM has a limited capability
to carry out some information processing operations.
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Q'rhese results are well known in psychology, but as a rule

are not used for classification and designing new
interactive procedures or improvement of existing ones.
such neglection of psychological results is responsible
for the main drawbacks of  existing interactive
procedures.

Many information processing problems such as
comparing multiple criteria objects, ordering a group of
objects, assigning criteria weights, etc. are too complex
for a DM. The extent of this complexity depends on the
number and the nature of criteria and metrics and scales
for these criteria. As usual, in solving such problems
people make errors, display contradictions and employ
auxilary heuristics to the complexities associated with
its investigation and human flexibility, i.e., a person's
ability to adapt problems to his capacities. There are
ceratin human capacity 1limits in any information
processing problem characterized by the number of
criteria, type of scales and the requirements for a final
decision.

It should be noted that the aforementioned human
behavior is considerably dependent on the deviation of
the requirements on a DM within the framework of
interactive procedure from  the limits of his
capabilities. It is noteworthy that it is not a gquestion
of insignificant errors in human answers. Beyond the
capability 1limit, for example, people stop using a
considerable part of information and violate the laws of
estimate transitivity and recurrence under similar
circunmtances.

This behaviour makes it necessary to reconsider the
requirements placed on decision makers within the
frameworks of the methods of solving multicriteria
optimization problems. The requirements may either
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correspond to human capacities in information processing
or be too complex for them.

Interactive approaches in multiple criteria
optimization rely on the progressive articulation of
preferences by the DM. These approaches can be
characterized by the foolowing procedure: (1) find a
solution (preferably feasible and effixient); (2)
interact with the DM to obtain his reaction/response to
the solution; and (3) repeat steps 1 and 2 until
satisfaction is reached or until some other termination
criterion is met. When interactive algorithms are
applied to real-world problems, the most critical factor
is the functional restrictions placed on the objective
functions, constraints and the unknown preference
function. Another important factor is interaction
styles. The cognitive burden on the DM during the
solution process depends heavily on interaction styles.
Typical interaction styles are:

(1) Binary pairwise comparison: The DM must compare
a pair of two-dimensional vectors at each interaction

(2) Pairwise comparison: The DM must compare a pair
of p-dimensional vectors and specify a preference

(3) Vector comparison: The DM must compare a set of
p-dimensional vectors and specify the best, the worst or
the order of preference (this can be done by a series of
pairwise comparisons)

(4) Precise local tradeoff ratic: The DM must
specify precise values of local tradecff ratios at a
given point. It is usefull to define here the 1local
tradeoff ratio or most common Marginal Rate of
Substitution (MRS). MRS between objectives f; and f; at

J
point x® is a ratio which shows how much the DM is
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willing to give up in objective j for a unit increase in
objective i. 1In other words,

V / D4 (%)

-\ /'afi(x) x=x<

(5) Interval tradeoff ratio: The DM must soecify an
interval for each MRS.

(6) Comperative tradeoff ratio: The DM must specify
his preference for a given tradeoff ratio.

(7) Index specification and value tradeoff: The DM
must list the indices of objectives to be improved or
sacrified, and specify the amount.

(8) Aspiration 1levels: The DM mnust specify or
adjust the values of the objectives which indicate his
optimistic wish concerning the outcomes of the
objectives.

Many researchers believe that vector comparisons
are easier to respond than value tradeoffs or precise
local tradeoffs. However, the methods “hat use wvector
comparisons may require more interacticns and the DM
prefer a certain interaction style, ‘and hence the
selection of interaction style is somewhat subjective.

3.3 Formulation of IMOP
Formally stated, the basic decision problem is

max U(fl(x), fz(x),...,fk(x)) (3.1)
X € X
where X is the set of feasible decisions, f;(x) are real-
valued performance indices representing the multiple
objectives and U is the utility function which represents
the preference structure of the DM. We may also define
the problem in the performance index space as
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max  U(y) (3.2)
Yy €Y

where Y = {(Yy,eeer¥Yi)} = {(£1,.0.,5g) [;x € X } is the
set of feasible performance index vectors. It sould be
noted that Q = {1,2,..,k) is the index set.

The utility function is a conceptual construct
which represents the degree of the DM's satisfaction with
the attainment of a particular vector of pefformance
indices. An analytical expression may not exist.
Without loss of generality, we assume U to be strictly
increasing with decreasing values of any of the
performance indices. Without being mathematically
strict, we can again restate the problem as a vector
minimization problem

min vy : (3.3)
y €Y

The need for interaction is due to the fact that
the information required for solving the problem is a)
decentralized in the sense that the DM knows about U and
the analyst1 knows about and b) not immediately
available in the sense that explicit expressions of U and
QY do not exist and no global information about either U
or Y is available to both DM and Analyst. Therefore, the
analyst will produce computed elements of the feasible
set as possibilities on the basis of which the DM will
articulate his wishes.

3.4 The Basic Algorithm of IMOP Methods

IMOP methods are interactive algorithms. Unlike
conventional algorithms which are effective procedures

1 IMOP nhas many features similar to a man-mashine
interface. The user is a DM. The cdomputer is his
analyst who conducts computations.
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for automatic computations, interactive algorithms
comprise intermadiate steps by which the user affects the
course of computation. The structure of IMOP's basic
algorithm is a three-step interactive algorithm:

Initialize : A scalarization of (min y) is set up
for the analyst as its means to generate efficient
solutions. Analyst computes initial information about
possibilities. DM supplies initial information about his
wishes,

Generate : The analyst generates one or more
efficient solutions from the scalarization and presents
resulting information to the DM,

Trade-off The DM expresses his wishes by
soliciting trade-off information concerning the generated

P

solutions, resulting in a change of the scalarization
parameters.

The last two steps are repeated until the DM
indicates acceptibility of a current achievement level,
provided one exists. In general, IMOP methods vary in
the scalarizations they use, schemes for communication
between the DM and analyst or computer, and the trade-
offs analysis methods.

3.5 Components of IMOP Methods
We will basicaly look at three components of the

IMOP methods: scalarizations, communication schemes and
trade-off analysis methods.



-4 2=

3.5.1 Bcalarizations

Scalarizations are the instrument by which
efficient solutions are generated in generate step of the
basic algorithm. The most commonly used scalarizations
are: weigted sums, e-constraint formulation, weighted
distance function (Zeleny, 1982), achievement functions
(Wierzbicki, 1982). | |

3.5.2 Communication Schemes

According to the Bogetopft (1986); "... the IMOP
procedures point out the essential judgements to make and
the necessary information to submit to make the
communication progress. The focal point is to balance
approximate substitution wishes against approximate
substitution possibilities". From this general statement
about IMOP procedures, Ng. Y (1989) identifies two
distinctive characteristics of communication schemes as:
the types of information exchange and the organization of
communication. In the types of exchanged information he
makes an assumption that the DM and the analyst converse
only about Y*, the efficient frontier 'of Y, the set of
feasible performance index vectors. "The functional
relationship between the efficient set x* and Y* is “the
problem within the analyst" and of no dirsct relevance to
the communication. Then, the information is either
primal, as index vectors, or dual, as directions in the
index space, e.g. various rates of substitution. In
primal, the DM specifies target regions cor points in the
index space for attainment and analyst presents attained
index vector and/or regions around them. In dual,
however, The DM specifies substitution wishes e.g. 1 unit
of £, for every two units of fzn and analyst presents
possible rates of substitutions, i.e. orientation of
supporting hyperplanes at efficient frontier.
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The information that the DM solicits is strongly
influenced by the scalarization. For weigted sums and
weighted distance functions, substitution wishes are
often used (e.g. Zionts Wallenius method (1983)). For
€ -constraint formulations, weighted distance functions
and achievement functions, targets are often used (e.dq.
interactive multiple goal programming of Spronk (1981),
ideal displacement method of Zeleny (1982), reference
point method of Wierzbicki (1982)).

On the other hand, communication is needed because
the information required for solving decision problem.
The DM and the analyst have to communicate about
possibilities (¥Y) and wishes (U) and the communication

shall be organized for

a) the DM to learn about Y (DM-Directed)
b) the analyst to learn about U (Analyst-directed)
c) the DM and the analyst to reach a consensus.

To be DM-directed, the analyst should provide an
interactive instrumen; with which the DM can probe,
sample, and wander the efficient set at his/her own
discretion. To have a more holistic view of the limit of
achievement, he should be supported in wvisualizing the

efficient frontier.

To be strictly analyst-directed is too desirable
when the assumptions of implicit wutility and dynamic
preference structure are made. However, it should be
possible, and useful, to support the DM-directedness by
helping to identify undesirable regions in the efficient
frontier, and with the DM!'s approval, narrow the search
down to the desirable regions.

To reach a consensus, they have to go through
iterations of generate and trade-off (in the basic
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algorithm of section 3.3) until the DM ic satisfied with
his choise. However, there is a trade-off between the
complexity of interaction in each iteration and the
number of iterations. A basic observation in psychology
is that human information processing capabilities are
limited. That is why, as the amount of imformation given
to the DM increases, the percentage of information used
decreases. The important issue here is how to strike the
balance by assisting the DM-trade-off step with an
appropriate amounts of effective information.

1

3.5.3 Trade-off Analysis Methods

Trade-off analysis methods utilize certain types of
information and display them in textual or graphical
forms composing the ground on which the DM decides on his
trade-off wishes. The methods help the DM to evaluate
the efficient solutions, learn about possibilities, and
articulate his wishes more effectively.

A basic observation of cognitive psychology is that
humans have excellent pattern recognition capabilities
and are always good at digesting visual data. Therefore,
graphical displays of data complemented by textual
information are accepted to be superior over purely
textual display. Dual information is often explicitly
presented for trade-off, with textual display as the
major, if not the only} medium. Because, interpreting at
high dimensional data display can be a highly involving
exercise for the |user. However, there are two
disadvantages with dual information. Firstly, the
substitution possibilities they carry are only local,
when the efficient frontier is nonlinear, and often
exaggerating, when the efficient frontier is convex.
Secondly, they are cognitively more distant from the DM
than the primal information are. The DM, however, can
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not pay much attention to this, although dual information
was made available.

3.6 Interactive Procedures

Many interactive procedures have been developed for
solving optimization problems having multiple criteria.
In such procedures, an exploration over the feasible or
efficient region is conducted for 1locating the most
preferred solution. As Steuer (1986) notes, interactive
procedures are characterized by phases of;decisiqh making
alternating with phases of computation. Generally a
pattern is established that we keep repeating until
termination. At each iteration, a solution, or group of
solutions, is generated for DM's examination. Based on
examination, the DM inputs information to the solution
procedure in the form of trade-offs, pairwise
comparisons, aspiration levels, etc. The responses are
used to generate a presumably, improved solution, and so
forth. The feedback between man and model enables the DM
to learn more about his problem. It enables the DM to
appreciate more fully the range of possibilities in his
feasible region and how the objectives are trade-off
against one another. This, then, should enable the DM to
know better where to look for improved solutions and how
to recognize a final solution upon encountering it. 1In
essence, the strateqgy of the interactive approach is to
facilitate human intervention in order to allow midcourse
corrections to be search process as appropriate.

Interactive methods are useful because to obtain
the entire set of preference information is practically
impossible or painful. Regarding preference information
obtaining as a task or event, for the task to command our
attention and/or the attention of the DNs it must have
strongest charge among all possible events. Usually a
long duration of attention to obtain preference
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information is hard to achieve because other important
events can occur in the meantime. The charge for
searching for preference information can be dropped
quickly when one realizes that one can make a fairly
"good" choise even though the complete information of
preference is not clearly specified. '

Theoritically, one can construct as many
interactive methods as one wishes by using different
elicitation techniques and optimization methods at
different stages of the interaction pf*ocess. Indeed,
there are many interactive methods in the literature, in
this section I will describe some of them. Before
starting the describing , it should be emphasized that
implementation or design of interactive methods is an
art. 1Its success depends not only on the method itself
but also on the trust and communication between or among
the people who perform the task. It should just be
thought whether we can successfully implement any method
described in this section with DM who does not understand
the meaning of value function or with someone who does
not trust us at all. It cannot be overemphasized that
knowing our own habitual domains and the DM is very
essential to succesfully selling any interactive nethod.

3.6.1 GDF Method

One of the earlier interactive approaches is the
method of Geoffrion, Dyer, and Fe;.inberg (1972),
designated as the "GDF Method". This itefative technique
assumes an underlying preference (utility) function that
is approximated locally as the algorithm proceeds. In
the words of Geoffrion et al. (1972), "the algorithm
calls only for such local information about the
preference function as is actually needed to carry out
the optimizing calculations". The optimizing
calculations referred to above are the procedures of the



-] -

Franke-Wolfe algorithm, a method for solving optimization
problems that moves from an initial feasible solution
towards the optimal solution by following directions of
steepest ascent, i.e., directions that provide the
maximum rate of increase in the objective function.
There are actually two major parts of the algorithm; the
determination of the best direction ani the step size
along the direction. Both subprobiems require the
involvement of the DM. Geoffrion et al. (1972) showed
that if the objective function 1is a multiattribute
utility function defined over k objectives as

maximize U (£1(x),£5(%X), 00, (X)) (3.4)
subject to x € X

then the direction problem may be solved if the DM can
specify the marginal rates of substitution between a
reference objective and each of the other objectives.
The marginal rates of substitutions provide enough local
information about the utility function to find a
direction that will lead to an improvement over the
current solution.

The step size problem employs a simple one-
dimensional optimization subproblem that can be solved
parametrically to indicate several alterfative solutions
that lie in the preferred direction. The DM chooses one
of the solutions generated in the subpronlem to be used
as the new solution in the direction subproblem. The
procedure continues until subsequent sclutions of the
direction and step size problem converge, i.e., the new
solution referred to above is the same as the previous
solution. To make this explanation clear, let us look at
the solution procedure from the beginning.

The method begins with a decision' that satisfies
all of the constraints. Then information is elicited
from the DM indicating how he would like to alter the



initial 1levels of the \various objeptives. More
specifially, he is asked to indicate fhcw much of a
preference criterion he is willing to give up in order to
gain a fixed amount of one of the othef criteria. The
responces are elicited for every criterion except the
reference criterion.

To illustrate, suppose that one has three objectives
given in Zionts (1985)

1. to maximize return on investment
2. to minimise growth in sales
3. to minimize borrowing

Given a starting feasible solution and taking
return on investment as our reference criterion, the DM
would be asked two questions to consider from that
solution:

a) What percentage growth in sales must you gain in
order to give up a 1% return on investment ?

b) What decrease in borrowing must you achieve in
order to give up a 1% return on investment ?

His responses can be used to determine the
direction of change in objectives most desired. That
direction is them used as an objective function to be
maximized, and the solution (the new solution) maximizing
the objective is found. Then one-dimensional search is
conducted with the DM from the previous solution to the
new solution. The DM is asked in a systematic manner to
tbhoose the best decision along the direction. Using the
best decision as a starting point, a new direction is
elicited from the DM as above and the process is repeated
until the DM is satisfied with the solution.

Shortly, the method requires two types of
information at each iteration. First, the trade-off
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information enables the algorithm to set up a single
objective (direction finding) problem to maximize the
gradient of the DM's value function at the current
solution. Second, the DM must then determine the optimal
step size along this optimal direction by identifying his
most preferred solution in this direction.

An application of the method to the operation of an
academic departmen on a university campus is described on
data from the 1970-1971 operations of the. Graduate School
of Management, University of California, Los Angeles. A
linear programming model of the problem was developed and
used to formulate annual departmental éperating plans.
Six criteria for evaluation were stated, including number
of course sections offered at various levels, the level
of teaching assistance used, and faculty involvement in
various nonteaching activities. The decision variables
under the control of the department were the number of
course sections offered at different levels, the number
of regular and temporary faculty hired, and the number of
faculty released from teaching. The starting point for
the analysis was the previous year's operating position,
and the resulting solution suggested an important
reallocation of faculty effort from teaching to other

activities. The method was used without ~significant
difficulty, and the results were adopted by the
department. The problems in the method are the

evaluation of the gradient and the choice of a solution
along the line segment in the search procedure.

We will begin our study of the GDF procedure with
preliminaries about the Frank-Wolfe algorithm.

3
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3.6.1.1 A Steepest Ascent Algorithm

It is useful to observe the search behaviour of the
following steepest ascent algorithm where F:R" -+ R is
mathematically known differantiable function to be
optimized over S, before introducing the Frank-Wolfe

algorithm.

Step 1 :
Let h=0. Obtain an initial point x(0) ¢ s

Step 2 ¢

Let h=h+l. Define the direction d(P)= VXF(x(h"l))
where Vx F(x(h'l)) is the gradient of F at x(h=1) Vx
denotes the "del" operator, where

d d d

vx = [ 7 » 00 1 (3.5)
dx1. dx, dx,

Step 3 :
Conducting a linear search in the direction d(h),
solve the step-size program

Max u (F(x(h=1) 4+ ¢q(B)y; (3.6)

s.t. (x(B-1) 4 ta(h)y ¢ s
0<teRr

with step size t* optimal, let x(P) = xfh“l) + t*a(h),
If an appropriate stopping rule is satisfied, stop.
Otherwise, go the Step 2.

Possible stopping rules are

a) Belief that an optimal solution has been
obtained
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b) A t* = 0 value results from the step-size
program '

c) Lack of significant progress over the last few
iterations

d) The DM has reached the limits of his patience.

In the steepest ascent algorithm outlined above,

the search direction is that of the local gradient of the
function being optimized at x(h=1)

3.6.1.2 Frank-Wolfe Algorithm

Step 1 :
let h = 0. obtain an initial point x(0) ¢ s

Step 2 :
Let h = h + 1. Solve the direction finding program

Max { [ 4 U (F(x® 1y 1T x|x e s} (3.7)

with y(h) € S an optimal solution, define the direction

a(d) = y(h) _ y(h-1) (3.8)
Step 3 :
u Conducting a linear search in the direction d(h),

solve the step-size program
max U { F(x(B"1) 4+ ¢a(M)y | 0 <t <1} (3.9)
with step size t* optimal, 1let x(R) = y(h=1) 4 ¢*3(h)

If an appropriate stopping rule is satisfied, stop.
Otherwise, go to step 2.



3.6.1.3 GDF Algorithm

Step 1 :
Let h = 0. Obtain a starting point x(0) ¢ s.

Step 2 :
Let iteration counter h = h +1.

Step 3 :
To estimate the direction of the gradient of U at

x(P=1) ' the DM must either input a locally relevant
weighting vector or respond to a series of pairwise
comparison questions so that the computer can induce a
set of locally relevant weights. On most applications,
however, the procedure calculate weights for DM.

Step 4 :
Let V,f;(x(®"1)) genote the gradient of the ith
uobjective function at x(h~-1), Solve the direction

finding program
max { gT x|x € S} where g =232 Wivxfi(x(h-l))
to obtain y(P) ¢ 5. 1pet a(R) = y(h) _ 4(h-1) (3.10)

Provided that reasonably good weights were obtained
in Step 3, g should point in roughly the same direction
as the gradient of U at x(0=1) ' 7This should suffice for
generating useful d(h) 1inear search directions.

Step 5 @
If y(h) = x(h-1) , set x(M) o x(h=1) anq go to
Step 10. Otherwise, go to Step 6.

Step 6 :
Specify the number of stepwise points P, where P>1.
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Step 7 :
Display the P stepwise criterion vectors.

To conduct the linear search in the direction d(h),
we print out the criterion vectors at equally spaced grid
points along the 1line segment r(x(h'l?,y(h)). With
z(x(h'l)) and z(y{®)) being the first and last such
criterion vectors, the P-2 intermediate criterion are
given by

j -1

z | x(h"1) 4 a(h) §=2,...,P-1 (3.11)

P-1

Step 8 :

The DM selects his most preferred of the stepwise
criterion vectors, designating it and its inverse image
by the pair (z(h),x(h)).

By speciying P in Step 6, the user controls the
amount of criterion vector information displayed at each
fteration. '

Step 9 :
If the DM wishes to keep iterating, go to Step 2.
Otherwise, go to Step 10.

Step 10 :
Stop with (z(h),x(h)) as the final solution

The GDF method is flowcharted in Fig. 3.1.
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h=0
Obtain initial solution X

-1
h=h+1

Y / Will DM enter

\ weights directly

Directly enter
locatly
relevant weights

Induce locally relevant weights
by asking pairwise
comparison questions

I

1

Solve the direction finding program
max {gTxix € S)
to obtain y, Let dth) = y(k) — gtk = 1)

< yh = xth = 1) >!—

Set xth) tg xth — 1}

Specify number of stepwise poinis P

|

Display P stepwise criterion vectors
A=D1 4 (I=1)qlh)y j=
2(xt —LX®) j=1,...P

{

Let xt") designate the inverse
image of the most preferred
criterion vector

Y / Does the DM wish

\ to keep iterating

Terminate with (z%), x(4)
as the final solution

Figure 3-1 Flowchart of GDF algorithm
[Source: Steuer (1986)]
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3.6.2 Interactive Goal Programming

There are many ways in which multiple objectives
can be treated. One of the is to impose constraints for
all but one of the objectives and the optimize the
remaining objectives. This means that any feasible
solution (if one exists) satisfies, rather than
optimizes, the constrained objectives. For example we
might threat a profit objective by including a constraint
that require some target profit level to be met. A major
difficulty with this approach is that the target levels
ufor the objectives included as constraints may be so
restrictive that no combination of decision variable
values is feasible. 1In this section we will consider a
method called "Goal Programming” (GP) for dealing with
such multiple objective problems. It attempts to satisfy
a set of multiple goals, or target levels for the
objectives. The concept of Goal Programming (GP) wa
introduced by Charnes and Cooper (1955, 1961), and
extended by Ijiri (1965), Lee (1972), Ignizo (1976,
1983).

The term goals which refers to management desires
should be distinguished from the term constraints which
refer to the environmental conditions under which the
management makes its decisions.

In GP, all goals, whether one or many, are
incorporated into the objective function, and only the
true environmental conditions are treated as constraints.
Moreover, each goal is set at a value that is judged
satisfactory by the management, but that is no
necessarily tha best attainable. The computational
procedure then picks from the set of all solutions that
satisfy the constraints the one (or the ones) that best
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fulfills the management's announced targéts. Since the
objective here 1is to produce "satisfactory" results,
rather than the best possible results, the DM is said to
be adopting a satisficing behavior.

GP problems have two types of constraints:
Technological and gocal constraints. Technological
constraints deal with resource capacitiess and other
limitations that are not goal orinted. Goal constraints
represent the target objectives that are established in
priority order.

The goal constraints are handled in a somewhat
different manner. The stated level of particular goal is
a specific target that may not be exactly met. The goal
might be exceed or overachieved, on the one hand, or
underachieved, on the other hand. To allow for this we
need to add two variables to each goal constraint. These
variables are called "deviational variables" because
their values represent the amount by which the solution
deviates from the goal. The positive deviational
variable, denoted as d+, represents overachievement of
the target or goal. The negative deviational variable,
or d°, represent underachievement of the goal. In
essence, d- 1is similar to a slack variable and at is
similar to a surplus variable. In general, if the goal
constraints is a "greater than or equal to" constraint,
we would include the underachievement deviational
variable, 4@, if it is "less than or equal to" constraint
before the deviational variables are added, we would
include the overachievement deviational variable, d+, in
the minimization objective function. If it is an "equal
to" constraint, we would include both deviational
variable. And a GP objective function requires the
minimization of undesirable deviations from the goal
constraints.
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The method requires the DM to set goals for each
objective that he wishes to attain. A preferred solution
is then defined as the one which minimizes the deviations
from the set goals. Thus, a simple GP formulation of the
VMP is given by:

min [ = (457 + dj+)P]1/P , p21 (3.12)
s.to gi(x) _<. 0 7 i = 1'2, oou,m
- + =3 . ) =1
ijX) + dj + dj b] ’ J 1,2’0.-'k
.dj ' dj+ 20
- + =
dj . dj 0

The value of p is based upon the utility function
U(f) of the DM.

In GP there are two basic models: the Archimedian
model and the Preemptive model. With the Archimedian
model, we generate candidate solutions by computing
points in S whose criterion vectors are closest, in a
weighted L; metric sense, to the utopian set in criterion
space. Archimedian GP can be solved using conventional
LP software. With the Preemptive model, we generate
solutions whose criterion vectors are more closly
related, in a 1lexicographic sense, to points in the
utopian set. 1In Preemptive (lexicographic) GP, the goals
are grouped according to priorities. When the objective
function 1is divided into g priority classes having
preemptive priorities P1/Pas+++sPg (in decreesing order),
we may write Py » Py » o0 » pq, although we do not know
exactly what the numerical values of those p's are. The
solution algorithm for Preemptive GP is that h, (47, ah
is minimized first; let min h, = hl*. Next h, (4™, at) is
minimized, but in no circumtances can h; -be greater than
hl*. Thus a lower ranking achievement function cannot be
satisfied to the <detriment of a higher ranking
achievement function. This process continues until hq(d;
, d7) is minimized.
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Interactive Goal Programming (IGP) is to utilize
both Archimedian and Preemptive features but in an
interactive way. In the first iteration of the GP, the

uDM specifies the type of each goal (2,<,=, or range),

specifies target levels for the goals, groups the goals
into priority levels, and specifies within-priority-level
penalty weights for those priority level associated with
more than one goal. Then the GP is solved according to
usual lexicographic principles. After the solution is
obtained and studied, the DM is asked to refine his
formulation and make any goal type, target value,
priority 1level, and penalty weight changes that may be
appropriate. Then the new problem is solved to generate
the second iteration solution, and so forth. Note that
this approach subsumes Archimedian GP when only one
priority level is specified.

The interactive approach is supported by the fact
that when S is bounded only goal-efficient solutions are
produced. However, because the formulation can be
reshaped in so many different ways, it is not always
clear what sould be changed in an attempt to move the
solution in a desired direction. Hence, the method is
essentially an unstructured approach for probing the
feasible region. Using GP concets as dials IGP relies
heavily on the skill and intuition of the user.

3.6.3 The Btep Method (STEM)

The Step Method (STEM) which 1is propesed by
Benayoun, der Montgolfier, Tergny, and Laritchev (1971)
was one of the first techniques developed to address
MOLP's via a progressive articulation of preferences.
STEM is a reduced feasible region method for solving the
MOLP where all objectives are bounded over S. STEM
employs a single objective model which minimizes teh
maximum weighted distance from the ideal. . The set of
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constraints for this single objective problem are
identical to those of the original multiobjective problem
at first iteration. At each subsequent iteration, the DM
is asked to adjust the feasible region by adjusting his
aspiration levels for the objectives.

The solution steps of STEM are as follow:

Step 1:

Construct a payoff table by optimizing each
objective individually to obtain the ideal criterion
vector £* ¢ RK. 1In table 3.1, row j corresponds to the
solution vector x* which maximizes the objective function
£3. a 24 is the value taken on by the ith objective f;
when the jth objective fj reaches its maximum fj*.

Table 3-1 A payoff table of STEM

fl fz LI fj o @ o fk

£ 2.

1 Jj1
22 232

: ” i
fj le 223 o ? * e 0 ukj
fk ij
Step 2 :

Let iteration counter h=0. Compute 7; values where

fj* - f ‘min
- S ACTIE )71/2 when £5 * > 0

T: = (3.13)

*

P

[ § (c44)° 171/2 yhen £2 <0
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where is the minimum value for the jth objective;

£.min
J

i.e., it is the smallest number in the jth column of the
payoff table. The Jjth are objective function
coefficients. From the first term we can make the
following assertion: if the value of f.

J
much from the optimum solution by varying x, the

does not vary

corresponding objective is not sensitive to a variation
in the weighting values; therefore, a small weight m; can
be assigned to this objective function. As the variation
gets larger, the weight m; will become correspondingly
bigger. The second term normalizes the values taken by
the objective functions: The r; are used to define the
weights 7;.

Step 3 :
Let S(l) = S and index set J* = ¢

s(1) = s means that we start the algorithm with the
original feasible region. Index set J* designates the
criterion values that are to be relaxed on the next
iteration to allow greater achievement of the others. At
this point, J* is empty because no solutions have been
generated to relax.: |

Step 4 :
Let h = h+l. Compute ni(h) minimax (Tchebycheff)
weights where

0 1 € J
my (B) (3.14)
’[-
z ied*
2Tj

note that on the first iteration, the ni(h) sum to one.
On all subsequent iterations, the ni(h) sum to less than
uone because J* is not null.
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Step 5 :

Solve the weighted minimax program

min a (3.15)
s.t. a2 ;B (£5% = £5(x)) 1<ic<k
x ¢ s(h)
0 <aeR

for decision space solution x (1)
In this step, we solve for the point in the reduced
feasible region s(h) yhose criterion vector is closest to

£* according to the weighted minimax metric desined by
n(h) € Rk

Step 6 :

Let £(0) = ¢ (x(h)). The compromise solution x (1)
is presented to the DM, who compares its objective vector
£(0) witn f*, the ideal one.

Step 7 :

If all components of f(h) are satisfactory, stop
with (f(h), x(h)) as the final solution, otherwise, go to
step 8.

As long as. some criterion vector components are
umore satisfactory than others, we keep iterating because
our situation can be improved by making tradeoffs. If
the DM is unwilling to tradeoff any components of £(M) o
acquire more of others, we are done and exit from the
algorithm.

Step 8 :

Specify the index set J* of criterion values to be
relaxed and specify the amounts ( L»f., 3 ¢ J*) by which
they are to be relaxed. For each component j that the DM
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willing to trade off achievement, we specify a relaxation
quantity Jlfj (i.e., the maximum amount of f; we are
willing to sacrifice, in other words, the amount of

acceptable relaxation).

tep S :
For the next cycle the feasible region is modified
as:

£5(x) 2 fj(x(h)) - Afj , j €t
s(h+1l) - (3.16)
£50x) 2 £5(x(M)) ;343

then go to step 4.

Benayoun et al. mention that if a j is no 1longer
eligible for further relaxation once it has been relaxed,
the algorithm will terminate in at most k iterations. 1In
practice, however, we would probobly want to freedom to
relax several criterion values more than ones.

STEM is flowcharted in Fig. 3.2.



-63 -

Construct payoff table

l

h=0
Determine w; values

l

sh=g
Jr*r=0
h=h+1
{€EJ*
AB) = b
Y § L igJ*
i=1
Solve 1&
min {a} E
st a = AW (2 —cix) g
x € 8™ '
to obtain x(" i

l

[ Compare Z® with z* J

Does the DM wish N
to relax
any components of 2%

I

Specify J* and the 4;

l

Form Sth+ 1)

|

Figure 3-2 Flowchart of STEM
[Source: Steuer (1986))
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3.6.4 Interactive Compromise Programming (ICP)

Interactive Compromise Programming (1ICP) is
proposed by Evren (1982,1987) as an interactive multiple
objective method that requires no information for the set
of weights from the DM. The method attempts to reduce
the complexity of information required from the DM asking
the DM whether he prefers a solution at the last step of
the process. The solution process starts by solving 2m
simple LP problems to find maximum and minimum possible
values of m objective functions. The degree of closeness
of each solution to the maximum possible value of each
objective function is computed. Then thée weights of the
objective functions are determined in the mini-max sense
at each cycle, but they are presented to the DM
implicitly in terms of d; rather thaﬁ explicitly by

usolving

i
5

max a™l(x) = = myd; (%) (3.17)
s.t. £ m;at 2 a®*?
2 m+1l
z ﬂidi 2 d
n m+1l

and employed in

maximize dm+1(x) = I mydy (x) (3.18)
subject to x € X

where dm+l(x) is the composite function d;(x)s to with
the degree of closenesses to find the (m+1)th solution.
In effect, these m; values may also be interpreted as the

i
probability of outcomes in the payoff matrix of a two-
person zero-sum game. The degree of closeness of the

(m+1)th solution to the maximum possible value of each
objective function is determined. Then  these solutions
are presented to the DM. The information provided for
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the DM contains a set of current extreme solutions and an
alternative compromise solution in terms of dj. It
should also be noted that several types of degree of
closeness are used in literature, one of which is based
upon the Euclidean distance function too. In this
method, the following expression is used as the degree of
closeness function to the ideal.

tl(x) - £} |
dj = 5 T (3.19)
£ -}

The DM is asked two questions at each cycle. One of
these is whether he prefers one solution over all the
other m solutions. If he does, the process 1is
terminated. Otherwise he is asked to express his least
preferred solution among all the others. Then his least
preferred solution is eliminated, and a new alternative
compromise solution is found at the second iteration in
the same way as above. The process is continued until
the DM express that he strictly prefers one solution over
all the others which were not eliminated in the previous
.iterations. This method was applied on Istanbul's
transportain problem succesfully (Evren, Karbuz, 1987).

Solution steps of the ICP is given as follows:
Step 0 :

Determine fg and f% , (i=1,2,...,m) , using
simple LP procedure;

max £ (x) (3.20)
s.t. X € X
£} and the solution set of fg , xg are "ideal
solutions®, f% and the solution set of‘fg , x% , are

"antiideal solutions".
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Step 1 :
Establish the table of the degree of closeness

taking the solutions xY

Table 3-2 Table of the degree of closeness

£ ! x1 x2 - xm £U

I
£, di di coe Ay f‘é
f } dz dz . o ® d2 fz
£ | 4 a2 ce. B £

where d; is the degree of closeness of the jth solution
to the maximum possible value of the ith objective
function.

Step 2 :
Solve the following LP problem and find the optimal
weights of the degree of closeness functions.

max a™l(x) = = m;d; (%) (3.21)
s.t. =aza}l > o™
m+1
z ﬂid% 2 d
m m+1
= ”idi >d

mT € 0 where 0= {7 eR® 7me (0,1), T my=1}

Step 3 :

Establish the new composite function by using the
optimal weights found at step 2 and solve the following
LP problem to obtain the new alternative compromise

m+1

solutions, x , which maximizes this composite function.

max a™l(x) = £ myd; (%) (3.22)
s.t. X € X
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Ste :

Determine the values of degree of closeness of the
new solution to the maximum possible value of the
objective functions, a™%, i=1,2,...,m. Add this columr
to the table prepared in step 1.

Step 5 :
Present the new table to the DM and ask him whether

he prefers one solution strictly over all the other 1
solutions. If he does, go to step 6. Otherwise ask hin
his least preferred solution among all the others. Ther
replace the least preferred solution by the new solutior
found in step 4 and return to step 2.

Step 6 : Stop

ICP is flowcharted in Fig. 3.3.
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3.6.5 The Zionts-Wallenius Method

The method is proposed by Zionts and Wallenius
(1976) and updated in 1983. It is assumed that all the
objective functions are concave (to be maximized) and the
constraints form a convex set; nonlinear functions are
linearized. The overall utility function is assumed to
be unknown explicitly to the DM, but is implicitly a
linear function and, more generally, a concave function
of the objective functions. The method make use of such
an implicit function on an interactive basis.

In this method a numerical weight (arbitrary
initially) is chosen for each objective. Then each
objective is multiplied by its weight, and all of the
weighted objectives are them summed. The resulting
composite function is a proxy for a utility function. Aan
initial nondominated extreme point solution is found by
maximizing this composite objective function (utiliy
function). The set of nonbasic variables variables
defining efficient trade-offs 1is identified at each
iteration, and the trade-offs are presented to the DM.
He is the requested to state whether the trade-offs are
desirable, undesirable or neither. On the basis of the
answers of the DM a new set of consistent wéights is
constructed, a new nondominated solution is identified.
A new set of nondominated trade-offs corresponding to the
current solution is then presented to the DM.
Convergence to an overall optimal extreme point solution
with respect to the DM's implicit utility function is
assured, provided the utiliy function is 1linear. The
current solution is optimal if none of the trade-offs is
desirable.

The original Zionts-Wallenius (Z-W) method is
attractive in four respects: first, the method helps the
DM find improved solutions, second, it always deals with



-70~

efficient solutions (provided by the objective functions
are linear), third, a rather small number of simple
questions is presented to the DM, and fourth, optimality
of the final solution can be guaranteed under certain
assumptions. In 1983, the authors generalized their
method for a certain «c¢lass of nonlinear utility
functions. This method is, however, more complicated the
original one. The method detects optimal solutions only
if they are extreme point solutions. Otherwise, the
" method identifies a "neighbourhood" containing the
optimal solutions. Depending on the situation, further
analysis may or may not be desirable to locate a
particular solution within this neighbourhood.

The Zionts-Wallenius method has been used several
organisations. For example, Wallenius, Wallenius and
Vartia (1978) describe an application to macroeconomic
planning for the Government of Finland. They used an
input-output model of the Finnish economy with four
objectives chosen by the Finnish Economic Council chaired
by the Prime Minister. The objectives were: The
percentage change in gross domestic product,
unemployement, the rate of inflation as measured by
consumer prices, and the balance of trade.

They first tried using the GDF approach using an
improvement prescribed by Dyer (1973). Although the
method worked, the users found the estimation of the
marginal rates of substitution difficult. Then the Z-W
method was used. Results were obtained that were quite
satisfactory.

One criticism of the Z~W approach 1is that at
termination we may not always have an optimal solution.
However, the termination of the procedure indicates when
this does occur. In such instances, we will have an
extreme point solution that is preferred»to all adjacent
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efficient extreme point solutions. A search procedure
uwill then have to be used to find the optimal.

3.6.5.1 Z-W Algorithm 3

The method operates by iteratively asking the user
guestions about adjacent extreme points or tradeoff

vectors. From the responses, portions of weighting
vector space 1 = { 7 € RK | =4 > 0, £ 1y =1 } are
eliminated. The process continues until Q has been

reduced to a small enough region for a final solution to
be identified.

Step 1 :
Let a0 = q. Using an arbitrary = € n(o), solve

the composite LP

max nTex (3.23)
s.t. Ax < b , x20

Let x(%) denote the resulting extreme point
solution and z2(0) its criterion vector.

Step 2 :

Partition the set of efficient nonbasic variables
into

A = set of nonbasic variables efficient w.r.t. n(h)

B = set of efficient nonbasic variables that are
not in A

Let indicator I = A.

With respect to the basis associated with x(h), a

~modification of the 2Z-W routine for detecting nonbasic

variable efficiency is used for the construction of sets
A and B.
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Ste :

With respect to I, generate all adjacent extreme
point criterion vectors. Temporarily disregard those
criterion vectors that are not distincly different from
z(h) | For each distincly different criteiion vector, ask
the DM whether it is preferred to z() | fThere are three
possible responces:

a) Yes (adjacenﬁ criterion vector is preferred)
b) No ( z(M) g preferred)
c) I don't know (unable to express a preference)

If at least one distincly different adjacent
criterion vector 1is preferred to z(h), save on such
criterion vector, denoting it 2z®, and go to Step 7.
Otherwise, éo to Step 4. In this step, pairwise
comparisons are performed. z{h) ig compared with each
distincly different criterion vector of an adjacent
extreme point w.r.t. I. For two criterion vectors to be

different enough for a pairwise comparison.

Q This step can be implemented in various ways. One
way 1s to conduct pairwise comparisons with all distincly
different adjacent criterion vectors. another
possibility is to terminate questionin as soon as a yes
responce is obtained.

Step 4 :
With respect to I, generate tradeoff vector for all

nonbasic variables not asked about in Step 3. For each
such tradeoff vector, ask the DM whether he 1likes the
tradeoff. There are three possible responses:

a) Yes (likes the tradeoff)
b) No (dislike the tradeoff)
c) I don't know (unable to decide)
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If the DM 1likes a tradeoff pertaining to an
unbounded edge, terminate with an unbounded solution. If
the DM likes at least one tradeoff associated with a
bounded edge, go to Step 7. Otherwise, go to Step 5.

Step 5 :

With respect to I, ask the DM whether he likes any
of the tradeoff vectors characterizing edges leading to
adjacent efficient extreme points not preferred in Step
3. For each such tradeoff vector, there are again three
possibilities as in Step 4. 1If at least one yes response
is obtained, go to Step 7. Otherwise, go to Step 6.
This step enables us to identify edges along which
initial movements are desirable, but alorg which further
movements lead to points less preferred than the current
extreme point.

Step 6 @

If I = A, let I =B and go to Step 3. Otherwise,
-stop with (z(h),x(h)) as the optimal solution. Set B,
together with set A, enable the DM to check the tradeoff
vectors and/or adjacent extreme points associated with
all eficient edges emanating from x (M) before
terminating.

Step 7 :

Based upon the DM's responces, write 7 constraints
to form n(h+1). Depending on whether or not an adjacent
criterion vector 2z is preferred to z(h) . jn Step 3, we
write 7 constraints

2y (z - z(h)) 2 € For each yes response
ey {z - z(h)) < -€ For each no response

where is a small positive number. Deperding on whether
or not the DM likes a tradeoff vector w in Steps 4 or 5,
7 constraints are written
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€ For each yes response
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-€ For each no response

Employing the @ constraints to reduce n(h), we form
q(h+1)

tep 8 @

Find a n(0+1) ¢ o(B+1)  1f no such p (B+1) exists,
delete the oldest set of active m constraints, update
n(h+1), and repeat. Active 7 constraints are those that
have not been deleted. The active 7 constraints define
the reduction of Q.

Step 9 :
Uing a(0*1)  solve the compossite LP for zP.

Step 10 :
If z2 from Step 3 is null (does not exist), the DM
chooses the most preferred of z(h) ang zP.

a) If z® is the most preferred, add m constraint
indicating the preference, let z(h*1) - zb, and go to
Step 13

b) If z(0) is the most preferred, go to Step 11

If z2 from Step 3 is not null, go to Step 12.

Step 11 :

Terminate with solution (z(h),x(h)). Better
solutioné may exist in the relative interior of an
efficient facet. A search procedure should be used to
find the optimum.
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Step 12 :

If the DM can choose between 22 and 2P, add =
constraint indicating the preference, let z(h+1)
designate the most preferred of the two, and go to Step
13. If the DM is unable to choose, let z(h+1) = zb and

go to Step 13.
Step 13 :
Nullify the existence of a (z2,x?), update a(b+1)

if necessary, and let h=h+l1. Go to Step 2.

The Z-W algorithm is flowcharted in Fig. 3.4
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Figure 3-4 Flowchart of Z~W method
[Source: Steuer (1986) ]
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CHAPTER 4
DECISION SBUPPORT BYSTEMS

4.1 The Evolution of Computerized Decision Aids

In June 1951, a memorable event took place in the
annals of modern computing. The U.S. Bureau of the
Census purchased a computer called Univac I. This
mashine was the first electronic computer produced by a
business mashine company specifically for business
purposes. Until that time, computers welre found only in
laboratories, where they were used for scientific and
defence work.

The first of the two paperwork-processing eras
"began in the early 1950s and was devoted to accounting-
oriented applications. These transaction processing
applications (so named Dbecause they involve the
processing of financial accounting transactions and the
like) were relatively easy to structure into the limited
and hard-to-use computer lanquages of the day. Business
managers used computers to process accounts receivable,
accounts payable, payroll, and inventory transactions.
The objective of these early applications was to increase
transaction processing efficiency by lowering transaction
processing costs. These applications were run in large
"batches". The terms Electronic Data Processing (EDP)
and Automatic Data Processing (ADP) were frequently used
to describe business computing environments of the 1950s.
As computers became more common place, the "electronic"
and "automated" adjectives were looked upbn as redundant,
and the term Data Processing (DP) evolued to describe the
same things.
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The second, or, operational, era's efforts focused
‘not on accounting with its historical perspective but on
the day-to-day needs of the firm's logistics functions.
A new set of clients began using the computer. For the
most park, they were first-line supervisors and clerical
personnel involved in processing orders or manufacturing
the firm's products. On-line connection with the files
of data stored in the computer allowed order entry
personnel and manufacturing managers to know the exact
status of inventories, customer credit. limits, and/or
particular 3jobs in the plant so that they could
effectively fill customer orders or state expected
delivery dates of products beign manufactured to order.
However, the ©primary ©purpose of the second era
applications was again only to speed the, flow of paper.
In general, reports still were turned out in strict
formats on a periodic basis. That was the beginnings of
the Management Information Systems (MIS).

The first computers were failure-prone, difficult
to operate, and -by today standarts- clipped along at a

snail's pace. Computer professionals had their hands
full just getting accurate paychecks and bills out on
time. By the mid-1960s, however, the atmosphere was

starting to change. Disk technology made it possible to
get to data transfer and to access data in different
@ways. Programming languages improved dramatically,
making it much easier to code applications. The
development of operating systems enabled computers to run
with less manuel intervention. Also, entering jobs from
terminals at remotes sites became common ‘place. Printer

output, a convenient way to both Trepresent and
disseminate computer results, replaced the less
convenient punced-card output. And people began to

accept to computers and to rely on the outputs they
produced.
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Each of these developments, and others, contributed
to the rise of the so-called Management Information
Systems (MIS). During the 1960s, and well into 1970s,
this term was used in a very limited way to apply to
periodic printed reports whose primary purpose was to
help managers with decision making. For example, the
main job of the receivable components of the Transaction
Processing System (TPS) is to determine costumer account
balances correctly and to produce customer statements
reflecting those balances. However, receivables data can
also be used to supply information to management for
decision making purposes. Shortly, MIS was coined to
present the expansion of EDP beydnd transaction
processing to systems that produce fixed-ormat inquiries
and reports for applications such as sales analysis,
financial statements, and cost accounting.

All of these early information systems were by-
products of the TPS then in effect. The transaction
processing component of the system provided the
operational data needed to run the company efficiently,
and the information systems components often provided
information that enabled managers to make decisions more
efficiently. Unfortunately, these early MISs had limited
impact: they were inflexible, constrained to manipulating
transaction processing data, and not responsive to the
information needs of particular individuals.

As MIS become common place in industry during the
late 1960s, many overzealous professionals began pushing
the concept of a total information system. That is, a
megasystem that would meet all of the firm's decision
making and transaction processing needs. These grandiose
expectations commonly resulted in the information systems
concept beign oversold. Consequently, as failures began
to occur and disappointments started to amount, MIS came
to take on a negative comotation. 1In fact, one leading
scholar of the day, Ackoff (1967), in a widely quoted
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article, referred to the MIS concept as "Management
Misinformation Systems".

The introduction of the first word processing
equipment in the.early 1970s marked the start of the
Office Automation (0OA) movement. These early systems
relied upon text editing to provide enhanced productivity
to clerical and secretarial workers. OA applications
have grown to include various form of electronic mail,
electronic conferencing, and image storage, retrieval,
and transmission. OA has become an equal partner with
Informations Systems (IS) in business organisations and
the boundaries between the two field have blurred.

It was to this world when Michael S. Scott Morton
began conceptualizing the idea of Decision Support
Systems (DSS), the world of computer usage he saw on the
commercial side of organisations was entirely one of
transaction processing. Each organisations was then in
the throes of either the first or second eras of computer
usage, and both involved paper-work processing. Ralph
Sprague and Eric Carlson (1982) noted that "the
components involved in DSS were first articulated in the
early 1970s by Scott Morton under the tiarm “Management
{Pecision Systems'. A few firms and a few scholars began
to develop and research DSS, which became characterized
as interactive computer-based systems that help DMs
utilize data and models to solve unstructured problems".

In the early 1970s, DSS were characterized simply
as computer based system to aid in decision making. The
starting point was found in the application of
interactive computer technology to managerial tasks in
order to use computers to aid in better decision making.
There was a strong cognitive focus in this concept of
DSS, that of a single DM.



In the middle to late 1970s, éhe growing DSS
movement emphasized interactive computer based systems
which help DMs utilize data bases and models to solve
ill-structured problems. The emphasis was not so much on
the decision process, but rather on the support for
personel computing, with tools for fast applications
development and packages for financial pl@nning.

In the late 1970s, it became clear that not all DSS
were actually being used to assist manager in making
decisions. Among those who noticed this was Keen, who
wrote that the field ought to be called "support
systems", since managerial interaction with computers was
clearly being used for purposes other than direct
assistance to decision making. Recognizing that the
semistructured, repetitive decision processes for which
DSS were designed occured only at certain levels and in
certain parts of the organisation, Keen noted that there
uwas an evolving set of organizational support systems to
which were soon added the fields of OA and executive
support.

In the late 1970s to early 1980s, a DSS bandwagon
effect began, with new systems employing a variety of
technologies to improve the effectiveness of managerial,
organizational, and professional activities. A wide
range of user friendly software was produced under the
label DSS. Disciplines like Operations Research (OR) and
psychology and Management Science (MS) ‘jumped on the
bandwagon. Concepts 1like Information Centers and
prototyping were also put forward under the label of DSS.

The early 1980s brought a development whose full
impact no one could foresee. When IBM introduced its
Personel Computer (PC) in 1981, the company estimated
250,000 units would be sold for all time (Bender, 1987).
By the end of 1987, nearly 15 million PCs and PC-
compatibles had been sold. In a few years the popular



-82=

conception of a computer changed from: the monolithic
monster in the glass-walled room to the trim three-piece
desktop configuration.

Initially, PC users found enhanced productivity in
word ©processing, spreadsheet, file management, and
graphics software packages. These personal productivity
applications formed the core of the end-user computing
(EUC) movement. With EUC applications one finds all of
the systems development roles collapsed into the
user /management group. Some researchers predict that by
1990, 75 % of all computer processing capacity will be
devoted to EUC applications |

The development of early EUC applications led to
the need to communicate. For example, downloading data
from a mainframe database to a spreadsheet application
was easier and more accurate than typing it. Sending a
report draft to reviewers and  discussing it
electronically was more efficient than mailing
photocopies and arranging a meeting of interested
parties. Research and development in telecomuniéations
within a multivendor environment of mainframes,
minicomputers, office automation ~:s;ystems, and
workstations had been going on for quite some time. With
millions of new PC users on the scede, efforts and
compentition intensified.

Development in Artificial Intelligence (AI) and
Expert Systems (ES) also marked the decade of the 1980s;
research focused on the storage of knowledge - instead of
data. To store knowledge, one needs to represent data
and the rules to use the data to solve problems.

In responce to stiff foreign competition in
manufacturing, factory automation systems began to emerge
in the 1980s. Early applications included robots to
replace people in difficult and dangerous' jobs, computer-
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aided design (CAD), and computer-integrated manufacturing
(CIM) systems. The integration of factory automation,
information systenms, oA, and 'telecomunication
technologies is one of the key issues in 1990s. As a
last sentense, we sould say that computers have been used
| as tools to support managerial decision making for over
two decades.

4.2 Decision Support Framework

Gorry and Scott-Morton (1971) felt a need for a
framework to channel computer applications toward
management decision making. They used Simon's decision
types and Anthony's management levels as a basis for
creating the framework. Instead of using Simon's
programmed and nonprogrammed decisions, they |used
structured and unstructured decisions. From entirely
independent standpoints Anthony arrives at a
classification that is based on the time frame and Simon
puts forward a classification based on the structured and
unstructured nature of decision problems.- |

Anthony (1965) defines three broad categories that
encompass all managerial activities: strategic planning -
the 1long range goalé and the policies for resource
allocation; tactical (management) control- the
acquisition and efficient utilization of resources in the
accomplishment or organizations goals; and operational
control- the efficient and effective execution of
specific tasks and may be naturally extended to include
problems of industrial and process control (Mitra, 1986).

8trategic planning is carried out by top managément
and the main goal is to acquire and develop productive
resources. The time frame of decision making is long
five years or more and there is a broad scope of
development and growth of the organization. Most of the
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information is considered in a highly aggregated form and
the problem is characterized by high degree of
uncertainty concerning the future taking into account
both external and internal circumtances.

Tactical planning undertaken by the middle
managers, it is concerned mainly with efZicient resource
utilization and the time horizon of the decisions are
shorter around 6 months to 1 year. Decision making is
based on moderately aggregated information collated from
internal and external sources and there is a reduced
level of |uncertainty coming mainly from external
circumtances. The outcomes of these decisions are more
limited in their scope of influencing the organizaton's
present performance and future development.

Operational control is focussed on the optimal
execution utilizing resources which are deployed by the
tactical planning exercise. These correspond to well
specified clerical or industrial tasks carried out by
employees lower down the organization. The scope of
influence at the operations level is narrow, the degree
of wuncertainty is 1low; however, the '"information as
required for decision making may be extremely detailed in
some specific aspect of the problemn.

Industrial control are those where decisions are
made and control action are taken regularly for continued
operation of a plant. 1In the financial sector funds may
be transferred or managed against fluctating exchange
rates, intereset rates, etc. The time frame of the

ecision making in this case is daily or hourly and in
addition to optimality consideration one locks for robust
decision making.

According to Simon (1965), decision making process
fall along a continuum that ranges from highly structured
to highly unstructured decisions. Structured processes
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refer to routine and repetitive problems for which
standart solutions exist. Unstructured processes are
"fuzzy", complex problems for which there%ére no cut-and-
dried solutions. The focus on decisién making also
requires an understanding of the human decision making
process. This process is divided by Simon into three
phases: ;-

a) Intelligence : searching for conditions that
call for decisions :

b) Design : inventing, developing, and analyzing
possible courses of action

c) Choice : selecting a cource of action from those
available

A conceptual figure of the decision making process
is shown in Fiqure 4.1. There is a flow of activities
from intelligence to design to choice, but at any phase
there may be a return to a previous phaée. The figure
includes the additional phase of implementation.

A fully structured problem is one in which all
these phases are structured. A structured phase is a
phase whose procedures are standardized,ithe objectives

re clear, and the input and output  are clearly
specified. '

An unstructured problem is one in which none of the
three phases is structured. Decisions where some, but
not all, of the phases are structured are referred to as
semistructured by Gorry and Scott-Morton.

In a structured problem, the procedures for
obtaining the best (or at least good enough) solution are
known. Whether the problem involves finding an
appropriate inventory level or deciding on an optimal
investment strategy, the objectives are clearly defined.
Frequent objectives are cost minimization or profit
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Intelligence Phasé

Organizational Objectives
REALITY« Search and Scanning Procedures <«
s 4 Examination Problem Identification
Problem Classification
Problem Statement

Design Phase

validation of Formulate a Model :

Set Criteria for Choice -t
the Model Search for Alternatives
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Qutcomes

Choice Phase

verification,
Testing of Solution to the Model
Sensitivity Analysis -~
Proposed Selection of Alterndtives
Solution Plan for Implementation (Action)
Design of o Control System
Implementation of Solution t——
SUCCESS FAILURE
Result ? =

Figure 4-1 The Decision Making Process
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maximization. The manager can use the support of
clerical, data processing, or management science people
armed with models. In an unstructured problem, human

intuition is still the basis for decision making.

LEVELS OF MANAGEMENT ACTIVITIES

TYPE .
OF Operational Managerial Strategic
PROBLEMS Control Control Control
Accounts, Budget Analysis, Financial
Receivable Short-Term Management,
Structured Ordexr Entry Forecasting, Warehous
Personnel Reports, Location,
Make or Buy Distribution
Analysis Systems
Production Credit Evaluation Building New
Scheduling, Budget Preparation Plant,
Semi- Inventory Plant Layout, Mergers and
structured Control Project Scheduling Acquisitions,
Reward Systems New Product
Design Planning,
Compensation
Planning,
Quality
Assurance
Planning
Selecting a Negotiating, R&D Planning,
Cover for a Recruiting an New Tech.
Unstructured Magazine, Executive, Development,
Buying Software Buying Hardware, Social Respon-
Approving Loans Lobbying sibility
Planning

Figure 4-2 Decision Support System Framework

Typical unstructured problems include planning of
new services to be offered, hiring an executive, or
Qhoosing a set of research and development projects for
newt year. (see Figure 4.2). The semistructured problems
fall between the structured and the unstructured,
involving a conmbination of both stapndart solution
procedures and individual judgement.
Morton (1978) give the following
semistructured problems: trading bonds, setting marketing

Kenn and Scott
examples of
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budgets for consumer products, and pef%orming capital
acquisition analysis. Here, a DSS dan improve the
quality of the information on which the decision is based
(and consequently the quality of the’ decision) by
providing not only a single solution but a range of
alternate solutions. These capabilities allow manager to
better understand the nature of the problem so they can
make better decisions.

4.3 What is a Decision Support BSystem

Unfortunaltely, after about two decade of the
development of DSS, there is still no accepted definition
of DsS. To quote one of the originatois of DSS, Keen
(1986) says: Y“right from the start of the DSS movement
and even now, there has been no established definition of
Dss. It 1is not at all wunusual for attendees at
conferences on the topic to say that came to find out
what DSS is, since people in their company or university
are talking about it a lot, and at the and it is still
unclear to them".

This is very surprising and disturbing. One
naturally raises questions about the future of DSS: will
it follow the foot-step of MIS ? A field without
definition has the flexibility of expansion and changing
direction, but also has the danger of falling apart.
Consequently, it is possible to generate heated debate
and disagreement. For instance, PERT/CPM can be used for
generating alternatives for facilitating decision making
by changing parameters and assumptions- is it alsoc a DSS?

One may argue that it is possible to use the
intention of a design to differentiate DSS from non-DSS.
However, it is easy to find counterexamples. For
example, is a statistic package a DSS ? - clearly a
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statistic package was not intended to be a DSS but is
used heavily in decision making under some circumtances.

Nevertheless, some authors have attémpted to define
the term Decision Support System. Their definitions,
however, can be faulted in one way or another.

A refinement of Gorry and Scott-Morton's (1971)
definition! was provided by Little (1979), who defines
DSS as a "model-based set of procedures for processing
data and judgements to assist a manager in his decision
making". He argues that in order to be succesful, such a
system must be simple, robust, easy to control, adaptive,
complete on important issues, and easy to communicate
with. Implicit in this definition,‘ too, 1is the
assumption that the system is computer-based and serves
as an extension of the user's problem solving
capabilities. On the other hand, Keen and Scott-Morton
(1978) gave one of the earlier definition of DSS: "The
application of available and suitable computer~based
technology to help improve the effectiveness of
mamagerial decision making in semi-structured tasks".
Here, the phrase 'available and suitable computer-based
technology' does not have a unique meaning, and varies
with time. Finally, Keen (1978) applies the term DSS "to
situations where a 'final' system can be developed only
through an adaptive process of learning and evolution".
Thus, he defines DSS as the product of a developmental

rocess in which the DSS user, the DSS builder, and the

DSS itself are all capable of influencing one another,
resulting in an evolution of the system and the pattern
of its use.

Throughout most of the 1970s, definitions of DSS,
like those presented above, were accepted by
practitioners and researches. By the end of the decade,

1 Systems to support managerial DMs in unstructured or
semistructured situations.



G-

however, new definitions began to emerge, Alter (1980)
defines DSS by constracting them with traditional EDP
systems on five dimensions, as shown in Table 4.1.

Table 4-1 DSS vs EDP according to Alter (1980)

Dimension DSs EDP
Use Active Passive
User Line and staff Clerical
management
Goal Effectiveness Mechapical Efficiency

Time Horizon Present and Future Past
Objective Flexibility Consistency

Moore and.  Chang (1980) argue that the
Q'structuredness" concept, so much a part of early DSS
definitions (i.e., that DSS can handle semistructured and
unstructured situations), is not meaningfﬁl in general; a
problem can be described as structured br unstructured
only with respect to particular DM (i.e., structured
decisions are structured because we choose to treat them
as such). Thus, they define DSS as (1) extendable
systems, (2) capable of supporting ad hoc data analysis
and decision modeling, (3) oriented toward future
planning, and (4) used at irregular, unplanned intervals.

Bonczek et al. (1980) define a DSS as a computer
based system consisting of three interacting components:
(1) a 1language system =~ a mechanism to provide
communication between the user and other components of
the DSS, (2) a knowledge system =~the repository of
problem domain knowledge embodied in DSS,  either as data
or procedures, and (3) a problem processing system -link
between the other two components, containing one or more
of the general problem-manipulatorv cavabilities required
for decision making.
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Bui (1984) define DSS as a computer based system
that supports its user(s) to make effective decisions in
ill-structured problens.

Parker (1989) define a DSS as a system that
provides tools to managers to assist them in solving
semistructured problems in their . own, somewhat
personalized, way. And a DSS is not intended to make
decision for managers, but rather to provide them with a
set of capabilities to enable them to generate the
information they feel they need to make decisions. In
other words, DSS, supports the human decision making
process rather than providing a means to replace it.

Turban (1988) define a DSS as an interactive
flexible and adaptable computer based information system
that utilizes decision rules, models and model base
coupled with a comprehensive database and the DM's own
insights, leading to spacific, implementable decisions in
solving problems that would not be amenable to management
science optimization models per se. Thus, a DSS support
complex decision making and increase their effectiveness.

One result of these definitions is a narrowing of
the population of systems that each author would identify
as DSs. For example, Keen would exclude systems built
without following an evolutionary strategy, and Moore and
Chang would exclude systems used at regqular, planned
intervals to support decisions about current operations.
The narrowing of a population is needed a proper function
of a definition. By dealing with a smaller population of
objects, we can identify those characteristics taht
differentiate one population from another.

Unfortunately, the definitions above of DSS do not
provide a consistent focus, because each tries to narrow
the population in a different way. Furthermore, they



collectively ignore the central issue in DSS; that is,
usupport and improvement of decision making (Turban,
1988). There seems to have been a retreat from the
consideration of outputs, and a focush on the inputs
instead. A very likely reason for this change in
emphasis is the difficulty of measuring the outputs of a
DSS (e.g., decision quality): Although such measurement
difficulties no doubt exist, they must nct be used as an
axcuse for ignoring what should be our central concern.

4.4 Technological Levels of DSS

Three technological 1levels make up the DSS
development framework suggested by Sprague (1982). These
are specific DSS, DSS generator, and DSS tools.

4.4.1 8pecific DsS

A Specific DSS allows one or more specific decision
makers to deal with a specific problem or set of related
problems. A well-known example of a specific DSS is the
police-beat allocation system, which was implemented by
IBM in San Jose, California, USA. This system allows a
police officer to display a map outline on a video
display terminal and call up data by geographical zones
showing police calls for a service, responce times, and
activity level. An officer can manipulate the map,
zones, data and experiment with a variety of police
patrol alternatives. For each proposed -what-if
allocation the DSS provides a measure of effectiveness.
A specific DSS might be programmed from scratch by an
organisation (an expensive alternative), or developed
from a DSS generator. Incidentally, the DSS yielded
superior results (in terms of acceptance by users and
consistency with the problem requirements) over a
solution derived by linear programming.
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4.4.2 D88 Generator

A DSS generator is a package of related hardware
and software (and, often, procedures and data) that
provides a set of capabilities to build a specific DSS
quickly, inexpensively and easily. A generator processes
diverse capabilities ranging from modeling report
generation and graphical display to performing risk
analysis. These capabilities which have been available
seperately for sometime, are integrated into easy-to-use
package. }

The term DSS generator emerged from the concept of
program (or application) generator. Application
generators are tools used by programmers and system
analysts to expedite programming and systims development.
For example, a program generator is used to build a
database management package. Program generators add
convenience and reduce costs for the creation of
programms. The programs produced are not as efficient,
in terms of processing throughout, as those coded from
scratch by experienced programmers. Therefore generators
are more suitable for applications that run infrequently
or that do not involve large-volume data processing. For
example, the police-beat DSS described earlier was built
with a DSS generator called Geodata Analysis and Display
(GADS) . This generator contains maps, data, a data
dictionary, and statements for special procedures that
can be changed from one application to another.
Originally developed from a specific DSS, GADS was also

sed to build a specific DSS to support the planning of
territories for IBM customer service engineers. In other
applications, GADS was used to set school attendance
boundaries, to establish sales territories and to plan
equipment placement for fire stations.
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There has been an evolutionary growth from two
directions toward what might be described as an ideal DSS
generator (Turban, 1988). One direction' is the special
purpose languages initially developed for the mainframes.
In fact, many of the commercial DSS generators evolved
from modeling languages, usually with added report
generation and graphic display capabilities. Examples of
such languages are the Interactive Financial Planning
System (IFPS) and Evaluation Planning: System (EPS).
Other types of specialized languages are.those initially
developed around DBMS capabilities. Examples of such
languages are Nomad 2, Ramis II, and Focus. The second
direction is the micro-based integrated software systems
like Lotus 1-2-3, Symphony, and Framework, which are
constructed around spreadsheet technology.

4.4.3 D88 Tools

A DSS tool is a hardware, software, procedure or
data element that enables one to build either a specific
DSS or a DSS generator. Example of tools are
microcomputer systems, display devices, general purpose
programming languages, optimization tools, statistical
tools, spreatsheet packages, and graphic generators.

When, say, Lotus 1-2-3 is combined with a
microcomputer, a monitor and a printer and operating
system software to build a system that allows a specific
sales manager to review the performance of salespeople,
the resulting product is a specific DSS.

4.4.4 Relationship Among the Three Levels
The relationship among the three levels are

presented in Figure 4.3 which also shows the technician
roles associated with each level.



-gh-

Specific DSS ‘Applications’

. . . . . { Honem e
&
B

. Intermediary
Adapifve
Modtificc on

' DSS Genercior DS$S Builder

Technical Supporier

DSS Tools

igure 4-3 Technology Levels of DSS

The tools are used to construct generators, which
in turn are used to construct specific DSS. However,
tools can be used directly to construct specific DSS. 1In
addition, there may be a simpler tools for constructing
more complicated tools. The use of DSS generators is
extremely helpful in constructing specific DSS and
enabling them to quickly adapt to changes. Using
generators can save a significant amount at time amd
money, thus making a DSS financially feasible. Notice
that specific DSS can be developed either directly from
tools or by adapting the DSS generator to satisfy the
application requirements. In the formar case, it can be
very lengthy and expensive proposition, especially if the
tools themselves need to be developed. Although most of
the early DSS were developed without generators, this is
no longer the usual case. In the latter case, the DSS
builder may use the iterative design approach (Curry,
Bonner 1983) to add capabilities to the ones available in
the DSS generator (or delete unnecessary features) as
needed by the specific DSS.
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4.5 D88 Development

The development of a computeriied information
system can be an event of major censuquence to an
organisation. It usually fallows a lenglthy process

Qtermed the 1life «cycle of the computeriezed system.
Although there are many versions of this process, it can
be generalized into six basic phases as described in
Figure 4.4. The process 1is appropriate for most
transaction processing systems, traditional MIS and for
some DSS. However, building most DSS is quite a
different proposition. Specifically, the design,
implementation, and evaluation of DSS tend to proceed
concurrently. These processes are evolutionary in that
the DSS is likely to be incomplete when put to work for
the first time. Because of the semistructured or
unstructured nature of problems addressed by DSS,
managers' perceived needs for information will change and
so the DSS must also change. :

Some practitioners have mistaken DSS to be
spreadsheet, and thus thought that DSS development was as
simple as purchasing a spreadsheet package. In fact,
spreatsheet is a simplistic type of DSS. More complex
and sophisticated DSSs suitable for supporting various
decision making processes need to be developed and built
in-house. Meador, Guyote and Rosenfeld (1986) proposed a
four-stage process for developing a DSS: decision support
analysis, DSS software evaluation and selection,
prototype development, and operational deployment and
support. Details may be seen in Figure 4.5.



-97 =

—

Phase
7. Systems analysis and Documenting and analyzing existing
planning systems, needs analysis, defining

performance requirements, feasibility
analysis (technological, economical,
behavioral). Develop a conceptual design of
a system. Development of a master plan
(objectives, structure, resources, .control).
Analyze praoblems and opportunities, (e.q.,
using “Critical Success Factors.")

2. Design Identify information requirements, logical
system design, input, process, and output
design. Identify the components of the
system. Design physical system (hardware

and software). Determine how the
components will work together

l

3. Construction and Write software, test software and
testing hardware, debug, improve system.
4. implementation Site preparation, instaliation, testing and

debugging, training, corwersion (e.g., in
parallet systems), phase in new system,
documentation, and overcome resistance to

change.
8. Operation and Maintenance, security, backup, error
maintenance detection.

1

6. Evaluation and control Progress review, acceptance test, post-
installation review, cost-benefit analysis,
audits, perfarmance manitaring

L g

Figure 4-4 The Life-Cycle of the computerized Systens
[Source: Turban (1988)]
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1. Decision Support Analysis

- = structured interviews
- decision analysis
- data analysis
- technical analysis
- conceptual DSS orientation
- plans and prioritization

2. DSS software evaluation and selection

- identification of candidate vendors
- feature analysis

- benchmarks

- external site surveys

3.7Prototype development

- scoping of prototype

- project evaluation criteria
- detailed design

- system construction

- testing

- demonstration

- evaluation

4. Operational deployment and support

- functional orientation
- operational training

- deployment

- maintenance

Figure 4-5 A Four-Stage Process for Developing DSS

The development process described by Turban (1986)
includes all the activities that could go into a complex
DSS development as can be seen 1in figure 4.6. The
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Step a Planning: Needs Assessment,
—{ Problem Diagnasis, Objectives
of DSS.
V
Stepb Research: How to Address
» User Needs? What Resources
Are Available?
Analysis: What is the Best
Stepc Development Approach? What
| Are the Necessary Resources?
Define Normative Models.
A 1 \
Desi Design Problem- .
LanZSlugage Processing System Design
interface, (Model Basel o DSbSa
Dlalog atabase
Construction: Putting
Stepe Together the DSS.
Implementation: Testing and
Step f Evaluation, Demanstration,
Orientation, Training, and
Deployment.
Y
Stepg Maintenance
Step h Adaptation: Continually Repeat
the Process to Improve
the System.

Figure 4-6

Phases in building a DSS
[Source: Turban (1988)]
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various phases of this process can be summarized as
follows:

Planning deals mainly with need assessment and
problem diagnosis. Here the objectives and goals of the
decision support effort are defined. A crucial step in
the planning effort is determining the key decisions of
the DSS.
|

Research phase involves the identification of a
relevant approach for addressing user needs and available
resources (hardware, software, vendors, systems, studies
or related experiences in other organisations, and review
of relevant research).

Analysis phase includes the determination of the
best approach and specific recources required to
implement it, including technical, staff, financial, and
organizational resources. It is basically a conceptual
design followed by a feasibility study. Normative models
are the ideal models that can provide infcrmation for key
decisions. Such models are likely to be theoretical. 1In
the actual implementation of the DSS it is unlikely that
we will attain the level of the normative model. But it
presents a goal we should try to attain in a real world
situation. The models tell us the ideal 1level of
performance.

The detailed specifications of the system
components, structure, and features are determined 1in
design phase. The design can be divided into three parts
corresponding to the three major components of a DSS:
database and its management, modelbase and its management
(the problem solving part of the DSS), and the dialog
subsystens. Here one select appropriate software tools
and generators such as database manager and graphics) or
writes them. ’
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A DSS can be constructed in different ways
depending on the design philosophy and the tools beign
used. The construction is the the technical
implementation (programming) of the design.

At the end of the construction phase, the system is
ready to be implemented in the real world. The
implementation phase consists of several tasks. In
testing phase, fata on the system's performance are
collected and compared against the design specifications.
Then, the implemented system is evaluated to see how well
it meets users' needs. Technical and. organizational
loose ends are also defined. Evaluation is particularly
difficult with a DSS because the system;is continuously
beign modified or expanded, and therefore does not have
neatly defined completion dates' or standards for
comparison. The testing and evaluation usually result in
changes in the design and the construction. The process
is cyclical and repeats itselfs several times.
Demonstration of | the fully-operational system
capabilities to the user community is an important phase.
Viewers can become believers. As a result they accept
the system with less or no resistance. Orientation
involves instruction of managerial users in the basic
capabilities of the system. Then, operational users are
trained in system structure and functions. The full
system is operationally deployed for all members of the
user community.

Maintenance involves planning for ongoing support
of the system and its user community.

Adaptation requires recycling through the steps
above on a regular basis to respond t¢ changing user
needs. )
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4.6 Decision, Bupport and System

Commenting on the development of DSS, Keen (1987)
suggested the needs to adopt a balanced approach to the
three aspect of DSS, namely, Decision, Support and
Systems. This is in response to the recent swing towards
DSS building.

Although many management scientists use the term
DSS witout qualification, it is clearer to call it
Management Decision Support Systems (Er, 1988).

Decision relates to the nontechnical functional and
realistic analytic aspect of DSS and to criteria for
selecting applications namely problem sclving. Indeed,
decision and problem solving go hand-in-hand in making
decisions, one 1is solving problens; conversely, in

~solving problems, one is making decision at each step.
QFurthermore, problem solving implies the use of knowledge
in the process of solving problem. Hence, applications
of knowledge, in the form of models, need to be
incorporated into DSSs. To be effective, it is essential
to know whether a decision to be made will be made by an
individual or group based on single or multiple criteria.

Support focuses on implementation and understanding
of the way real people operate and how to help them. In
other words, the support aspect of DSS implies the use of
computer and software technologies to support DMs during
the process of decision making. Hence it is necessary to
understand preferences of people while they are making
decisions. There are four types of support taht can be
provided to decision makers as follows:

- Passive Support : Provide DMs with DSS that they
are comfortable with to allow them to make

autonomous decisions.
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- Traditional Support: Provide DSSs to DMs to mesh
with the decision and its improvements.

- Extended Support: Alternatives are actively
suggested by DSSs to DMs. Look more actively to
improve it; provide a consultant rather than just
an assistant; find ways of embodying limited forms
of knowledge drawing on the tools of,say,
artificial intelligence; use the DSS builder's
understanding of the decision domain to help point
to and even select alternatives, rather than just
evaluate the DM's set of choices.

- Normative Support: DSSs dominate the whole
decision process, and managers are there to provide
inputs and specifications. '

It is difficult to see any worthwhile research on
the Support component of DSS that does not push towards a
more active impact on decision making than that provided
by traditional DSS. It is equally hard to see how a DSS
group can sustain a distinctive identity unless it has
something to offer the firm other than building software.

System directly emphasizes skills of design and
development and of technology.

Each of the three seperate elements is a specialist
area that attracts people who may have little knowledge
of the other two. Examples are the very able management
scientists who are unfamiliar with the meéssy dynamics of
implementation or the messy way many DMs handle
decisions. The best practicioners of organizational
development in the widest sense of the térm in the same
way are often determinedly ignorent of the computer field
and analytical disciplines. Few of the best DSS buildes
feel they need to keep up to date with decision analysis,
simulation, optimization and forecasting techniques.
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There 1is no simple, stable balance between
decision, support and system. If there were, the
definitional problem'would go away. In the mid~ to late
1970's, there had to be a strong focus on System to make
it possible to provide Decision Support.: The bottleneck
is now the Decision (Keen, 1986). Anyone who cares about
the mission of DSS-helping real people make better
decisions through the use of an ever-exprnding range of
technical building-blocks- must surely agree that we need
more decision research, a body of theory-laden summarizes
and frameworks that address (Keen, 1982):

Decisions that really matter. Life is not just a
spreadsheet. Using our system's building skills on yet
more standart and fairly simple ad hoc financial planning
applications will not move us forward much.

Organisational rather than individual decision
making. Partly because of its dilberate seperation from
DP at a time when DP was synonomous with bureaucracy and
backlogs. It is clear that DSS needs DP, because the
critical resource for supporting organizational rather
than individual decision making is data and
telecommunications. These go way beyond the capabilities
of a small scale group focused on cherry-picking. The
new, responsive IS organisation is the manager of the
organizational data resources DSS needs to draw on.

Multiple criteria decision making. Dilemmas of
judgement are inherent in the types of decision that DSS
aims at helping. Whether these are termed unstructured
or semistructured they are ones where there is no single
decision making rule that can resolve the tradeoffs they
involve. Multicriteria decisions pose dilemmas or even
crises of judgements: ethical choices, tradeoffs between
costs and service, conflictics of preferences, and
political problems are obvious examples. The
multicriteria problem is at the core of decision support.
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In a sense, DSS finessed the issue in a way that made
action practical: the user initiates and controls the
problem solving process and sequence, and his judgement,
personalized objectives, and interpretations guide the
choice of solution. It is maybe time to put the Decision
back in DSS and to extend the level of support. At the
same time, the System component will remain a critical
one. By extending the technological base for DSS, more
decisions can be supported in more ways. The range of
practical applications for and payoffs from DSS is
Qheavily shaped by changes in the available and suitable
technology.



CHAPTER 5

nulLTIPLE CRITERIA DECISION SUPPORT SYSTEMS (MCDSS)

5.1 Integration of MCDM Models in DSS

Development of multicriteria decision models is
primarily an answer to the problem of multiple criteria.
The emphasis is on decision situations with one single
decision maker. The nature of the problen (functional
relations) and of the DM (preference sstructure) is
presupposed. This static nature of the MCDM framework
limits application possibilities in an ‘uncertain and
dynamic environment with multiple wusers and ill-
structured problens. ‘

The field of DSS has developed from thoughts about
effective applications of models in organisations.
Models should be simple, robust, easy to control,
adaptive, complete and easy to communicate with. At
present, the methodology involves the applications of
model management and data management capabilities, but
the emphasis on the interface between the system and its
users has remained a cornerstone. Here, the integration
of multicriteria decision models in the broader DSS
framework becomes promising. To the emphasis in MCDM on
man-mashine interaction, nature and 1logic of decision
rules, utility of information presented to the DM and
learning aspects, DSs offers realism in its
organisational orientation.

DSS aims to integrate various disciplines (OR, MS,
Decision analysis, organisation theory, data processing
among others) in order to develop user-oriented tools to
support and improve decision processes in semi-structured
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tasks. These tools involve interactive systems, and
their scope varies from data-oriented to model-oriented.
Specific DSS focusses on specific tasks in the
organisation; they to be used by DMs. DSS generators are
to be used by designers to produce specific DSS. DSS
tools involve Dbasic technology components to Dbe
integrated to form a DSS generator. In the view of
Sprague and Carlson, a DSS generator consists of several
connected subsystems such as dialoque subsystem, data
subsystem, and model subsysten. These subystems are
three basic elements of a DSS.

Although there are many proposed definition of a
DSS in the 1literature, most of them do not take into
account the fact that three main classes of DSS have been
practically developed in applications and research (see
Lewandowski et.al, 1987):

(1) Simple tools for managerial decision support:
Such as modern databases, spreadsheet etc.

(2) DSS based on logical models and logical
inference; whose main functions are to help in
recognizing a logical pattern in a decision situation;
these systems typically involve the use of logical
programming languages, knowledge bases, and other tools
of artificial intelligence,

(3) DSS based on analytical models, MCDM and
choice; whose main functions concentrate on the process
of analysis of various decision alternatives either
specified a priori or generated with help of the system.
Such systems typically include a computerized model of a
decision situation formulated in analytical terms as well
as some tools related to multicriteria optimization and
evaluation of alternatives.

As it can be observed, (1) and (2) contain
explicitly models of the decision situation, although of
different types. When prepearing a simple decision
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support tool such as a data base tQ support a definite
decision process, one must assume a kind of model of the
decision situation. Therefore, all DSSs contain models
of decision situation.

An early characterization of a deciéion process was
given by Simon (1958); it consists of the following three
steps: Intelligence; searcing the environment for
opportunities calling for a decision, désing; defining
the decision ' situation, inventing, developing and
analysing possible courses of action, and finally choice;
selecting a particular cource of action from <those
available. However, the experince in analysing decision
process might contain more essential elements. Cooke and
Slack (1984) combine the decision making with problem
solving process and define its phases as observation, a
formal recognation of a problem, interpretation and
diagnosis, the definition of a decision problem, the
determination of alternatives, an evaluation of
alternatives, and choice, and finally decision
implementation and monitoring.

Every decision process 1is a part of a 1longer
process of learning. A decision process is not
necessarily linearly ordered, can have mary resources to
earlier stages, while a decision situation becomes more
familiar for a given DM, the decision process becomes
shorter and finally looses its distinctive phases. This
is similar to an adaptive treatment of uncertainty. And
that brings us the concepts of dynamics 1in decision
process. In fact, decisions are concerned with future
events and have dynamic consuquences -even if we do use
sometimes static models of their consequences in more
sémple cases. Reaching a single decision is a process.
Seoerate decision processes, however, are imbedded in a
longer learning process of the DM to become an expert,
with its much more complicated dynamics.
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DSS can have multiple functions' in a decision
process as can be treated by Wierbicki (1989). Most
importants are three general functions.

(1) Organizing a decision process procedurally
which actually assumes a definite but often implicit
model of the decision situation,

(2) Helping the DM to learn about the decision
situation,

(3) Filling in details to the outlines of a
decision suggested by the DM. This also suggest that the
emphasis on the phase of decision choice, typical for
more classical approaches to decision processes and
decision support, is actually mispaced: if adequately
supported, humans can make much better decisions than
most advanced computerizéd systems and thz2 problem is not
Lfow to replace but how to support human decision making.
There certainly are decision problems of repetitive type
that might and should be automated because of the
necessary speed of decisions, because of  their
tediorsness for humans, because of the reliability of
automata that do not grow tired and do not have the human
right to change their minds but this becomes then the
field of decision automation or automatic control not of
decision analysis and support.

Several technological developments touch on
integration possibilities for multicriteria decision
models. Sprague and Carlson mention several capabilities
for a models subsystem, for example, the ability to
create and extent new models quickly and easily, the
ability to access and integrate model building blocks,
the ability to catalogue and maintain a wide range of
models supporting all 1levels of users. In financial
planing, several simple modelling systems exist to be
used on mainframe or microcomputera’ (IFPS, etc).
Spreadsheet systems offer a tool for devising and
executing simple financial simulation.



-110-

Carlson (1983) has developed a methodology of
contextual representations where the wuser performs
operations (e.g. generate alternatives, change decisions,
scale graphs), on representations (e.g. tables, graphs,
spreadsheets) using memory aids (database) and control
aids (menus).

Although much DSS literature is technically
uoriented, important studies relate to experimental or
empirical research. That is why, the problem is the
integration of both in experimental and case studies.
This integration should result in a theory of decision
guality.

Edward (1984) propeses following activities for
multicriteria decision problems to be integrated in a
DSS:

choice of causal relations and constraints,
generation of causal relations using data base,
assessment of the decision situation,
choice of a MCDM technique,

specification of the MCDM problem in an
optimization format,

- choice of fixed parameters,

- choice of alterable parameters (e.g. constraint
values),

- value assessment in relation to <choice of
parameters.

In the traditional MCDM framework, only choice of
parameters and value assessment is supported in a man-
computer dialogue. However, a DSS should involve support
of all activities. DSS concepts, as model management,
provide these opputunities. Optimization models can be
integrated into an information system. A multicriteria






